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Abstract and Keywords
This research investigates both the value and the limitations of remote sensing as applied to
mineral exploration. The objective was to map and interpret lithological units, mineral and
structural features and the movement of copper to better understand the Elida copper
porphyry in central Peru. Various remote sensing techniques were applied to map alteration
minerals and lineament features including: lineament tracing, False Colour Composites, band
ratios, Principal Components Analysis. These methods were applied to ASTER and
WorldView-2 Satellite data. Maximum Likelihood Classification was performed on
WorldView-2 Satellite data for lithological mapping. Results demonstrate that ASTER
imagery was able to detect alteration minerals, and WorldView-2 data was able to highlight
lineament features associated with the copper porphyry. However, the results for lithological
mapping were compromised due to the small size of the study area vis-à-vis the spatial
resolution of ASTER data. The results from mineral and lineament mapping can assist
geologists with the identification of large-scale mineralizing systems and help with the
understanding of the migration of minerals over time on the surface.
Keywords: Copper Porphyry, Exploration Geology, Remote Sensing, GIS, ASTER,
WorldView-2, Peru
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1 Introduction
1.1 Remote Sensing in Mineral Exploration
Satellite based Remote Sensing (RS) technology has been utilized as a tool in
mineral exploration since the launch of Landsat-1 in 1972 (Smith, 1977; Legg, 1992).
Technological advancement such as additional sensors on satellites and higher
resolution imagery data in the field of remote sensing have increased the value of RS
for mineral exploration. Remote sensing is useful for detecting features or patterns on
the earth’s surface that can be linked to the occurrence of mineral deposits. Remote
sensing can be used to detect various geological properties, including host lithology,
alteration minerals and faults or fractures, which can be linked to mineral deposits
(Asadi and Hale, 2000; Legg, 1992). In favourable environments, such as arid or
semi-arid areas of the world, multi-spectral imaging systems are able to detect these
properties by their unique spectral characteristics (Legg, 1992; Prost, 2001).
A current survey to detect and map spectral characteristics that can be related
to mineral deposits can be an important exploration tool where the spectral data may
be outdated or not readily available. It is especially useful in remote regions, since
remote regions are often poorly mapped, or where rough terrain makes ground based
exploration prohibitively time consuming (Legg, 1992). Recent changes in the
landscape can render older maps out of date even where geologic information is
available (Legg, 1992). Updated maps of the land surface using remote sensing may
provide additional important information for geologists in the field. In addition,
satellite imagery also allows mapping of large areas in a relatively easy and cost
effective way in comparison to traditional methods, even in accessible regions
(Rajesh, 2004).
Research has demonstrated that the results produced from multi-spectral
analysis can generate more detailed maps than what is found on published geologic
maps (Zhang, 2005). These new details may help geologists narrow down and select
areas for mineral prospecting. Although remotely sensed imagery does not eliminate
the need for data to be obtained directly in the field (e.g. surveying, hydrological,
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geotechnical and field sampling, etc.), it is widely recognized by researchers as a
valuable technique for obtaining details and perspectives, which would not otherwise
be available (Chicha-Olmo and Abarca, 2002; Prost, 2001; Smith, 1977).
1.2 Study Area
The study area is known as Elida, a 2 by 2 kilometers mineral exploration
property located south central Peru approximately 80 km from the Pacific Ocean
coast as shown in Figure 1. Elida is located at the junction of faults at the contact
between two lithological units; the granites of the coastal batholith and volcaniclastics
of the Pre-Andes Mountain range. The geologic setting is in a well-exposed arid
environment with limited vegetation coverage as illustrated in Figure 1.2.

Figure 1.1: Location of the Elida copper porphyry deposit
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Figure 1.2: Landscape of Elida

1.3 Regional Geologic Setting
The material in this entire section is based on information gleaned from Geologia Regional
del Proyecto Elida (Huisa, 2014) with the assistance of field geologists working on the Elida
exploration project, including Bernardino Huisa and Mario Lanca.
The Elida property is a 5480 Ha mining area located in the province of Barranca
about 170 km northwest of Lima. The closest city is Barranca, which has an estimated
population of 63,812 inhabitants. Geographically, the province has flat terrain, and a low
population density of 100 persons per square kilometer. The Elida property, which lies to the
east in the rugged Pre-Andes mountains, peaks at an elevation of 1600m above sea level. The
porphyry system is roughly 2 km by 2 km in size. The porphyry is intrinsically a dacite in
composition with evidence of Cretaceous Casma volcanic and volcaniclastic rocks as well as
the mountainous Coastal Batholith. Calcareous mudstones, limestones and shales are present
at the porphyry center. Volcano-sedimentary series belong to the Casma Group to the west. A
stratigraphic group of Mesozoic-aged sedimentary formations is found along the coast and
within the Peruvian Cordillera Occidental. The geology is comprised of a sequence of
sedimentary, volcanic and intrusive rocks ranging in age from Jurassic to recent Quaternary.
The Calipuy Group volcanic rocks consist of andesite and pyroclastic breccia. Sedimentary
deposits from the Jurassic Period are represented by shales and quartzite. Andesitic
3

volcanoclastic rocks also correspond to the Casma Group. These extrusive rocks are further
part of the Andean Batholith, which has a diorite to granodiorite composition. Other rocks in
the area are aged 40 to 41 million years (MA) and consist of hornblende with coarse-grained
phenocrysts of feldspar and quartz in a mafic matrix.
1.3.1 Volcanic Rocks
The Calipuy Group of volcanic rocks consist of andesite and pyroclastic breccias. The
porphyritic texture of these rocks has a large distribution within the upper basin and
part of the middle and lower basins of the study area.
1.3.2 Sedimentary Rocks
The sedimentary rocks comprise of older rock units from the Jurassic, Cretaceous and
Upper Cretaceous periods. Jurassic rocks are represented by black shale, green and
reddish-gray, sometimes carbonaceous gray-white quartzite. The Jurassic rocks have a
low resistance to weathering, consequently these rocks are presently found in a relief of
soft landforms as outcrop. Middle Cretaceous rocks are represented by a thick layer of
sandstone, white and gray to brown-coloured quartzite, interspersed with erosionresistant slate shale formations that manifest as prominent hills that stand out in the
topography of the region.
1.3.3 Igneous Rocks
The intrusive rocks in the area are part of the Andean Batholith with widely distributed
outcrops. These rocks range in composition from diorite to granodiorite to tonalites.
The adamellite coarse-grained texture is varied from equigranular to porphyritic. There
are typical granodiorite outcrops close to the study area. The batholith in the study area
is in contact with the volcano-sedimentary sequences in the western section of the area.
The primary main faults are N-S in majority and secondary faults are East -West.
1.3.4 Geomorphology
Elida is located in the Western sector of the Cordillera Occidental, which form part of the
northern Andes Mountains. The Cordillera Occidental is dissected by transverse valleys that
4

run in a predominantly east-west direction. The base of the study area is comprised of valleys
and deep canyons formed by the Pativilca and Gorgor rivers. The valleys are narrow and are
formed as a result of rapid uplift and erosion, with elevations ranging between 1000-4000
meters. Elida’s physiography is typical of the Andean region, characterized by rugged slopes
with semi-arid and sub-desert rocky surfaces and discontinuous colluvial cover.
1.3.5 Mineralogy
Copper mineralization at Elida mainly corresponds to the occurrences of pyrite, chalcopyrite,
pyrrhotite, molybdenite, magnetite traces of sphalerite and the secondary mineral chalcocite.
Pyrite is found in veins, veinlets and also is disseminated. Pyrite is observed associated with
the copper enrichment zone and the periphery of the deposit. Secondary mineralization
occurs under a leached zone of variable thickness between 10 to 20m, closely linked to the
sericite alteration. The thickness of the blanket varies between 20 to 40m, is very irregular
and is heavily controlled by the fracturing of the country rock. The chalcocite occurs as
replacement of pyrite and is distributed in veinlets and veins.
Oxides minerals are found locally and in the presence of surface oxides in the leached
zone, and are composed mainly of clay with copper and chrysocolla. Oxide mineralization is
observed in a majority of the deposit’s outcrops. Also the mineralization increases
significantly in areas of the volcano-sedimentary shales of the Casma Group.
1.4 Research Context
The porphyry was discovered by Globe Trotters (a junior exploration company) from a very
large number of remote sensing satellite scenes which covered the entire Peruvian coastal
cordillera. The data underwent considerable digital image processing to reveal geological
anomalies based on alteration mineral spectral signatures. As such, this is a highly unusual
mode of discovery, since it was first discovered from Space, rather than on the ground.
Lundin Mining, which acquired Elida from Globe Trotters for its copper potential, has
estimated that the amount of copper evident on the surface is likely sufficient to commence
mining and cover its investment in site development. However, the overall copper reserves
cannot be known based on field inspection alone. For economic reasons it is important to
know how much copper remains emplaced within the system versus that which may have
been displaced by erosion.
5

The Elida porphyry is approximately 50 million years old and the Pre-Andes
orogeny in which it is currently situated originated approximately 30 million years ago.
The orogenic events and ancient and recent weathering histories were instrumental in
shaping the current exposure of this deposit. The formation of the porphyry preceded the
orogeny and took place in a more level or gently undulating landscape. A number of
weathering stages occurred prior to, during and following the orogeny. However, it is not
clear how much of the porphyry deposit and its copper have been lost to the tectonic and
canyon forming processes. The present enrichment layer, with a high mineral
concentration layer, is not visible at surface but is likely preserved at depth. Evidence is
shown in Figure 1.3 of significant leaching of the phyllic altered volcano-sedimentary
rocks, as well as the presence of an earlier enrichment layer locally preserved as chalcocite
secondary copper mineralization in isolated patches (Montoya, 2013).

Figure 1.3: Evidence of copper oxidation indicated by green hued rocks and pinkish purple hues indicating
leaching mineralization. Likely phyllic alteration.

The presence of phyllic alteration and secondary copper mineralization is
encouraging further research in this study area since most of the large deposits in Peru show
several stages of secondary copper enrichment (Brandmeier, et al., 2013). Copper oxides are
not evident along the structures surrounding Elida. However, a possible copper-retaining
iron belt is apparent surrounding Elida as displayed in Figure 1.4. It is possible that much of
the copper was transported vertically below the existing leach caps. Alternatively, copper
could have been transported laterally towards the bordering Pativilca River located at the
6

base of the study area. This would depend in part on where the porphyry deposit is located
with respect to the river. The current assumption is that the majority of the deposit lies on
the side of the abutting river.

Figure 1.4: Copper-retaining Iron belt surrounding the deposit

1.4.1 Research Objective
This research project was designed around the desire to understand more about the
genesis and occurrence of the Elida porphyry deposit by answering key questions:
What information on the spatial distribution of copper in the Elida porphyry
deposit can be gleaned from applying RS?
Also, of importance is the assessment of whether copper from an early
enrichment stage has been transported by groundwater vertically, as opposed
to laterally.
The main objective of the study is to map and interpret lithological units and mineral
and structural features in order to better understand the deposit and the movement of
copper.
7

The goal of understanding the deposit and the movement of copper can be thought of
as a multi-piece puzzle. This research aims to only solve a few pieces of the large puzzle by
contributing to a few spatial aspects of a complex issue involving several interdisciplinary
fields and subfields such as geophysics, geology, mineralogy and other. This research is also
part of a larger Elida exploration project that consists of various mineral exploration
techniques including geomagnetic surveys and a drill core sample program. It is beyond the
scope of this study alone to find a complete and conclusive answer to the question of how and
where the copper moved. Finally, as part of this research a new RS technique based on
ASTER and WorldView-2 data was developed.
1.5 Thesis Organization
The thesis is organized as follows; there are a total of six chapters. Chapter 1 provides an
introduction. Chapter 2 presents the geological background and a review of various multispectral processing techniques used in both lithological and mineral mapping. Chapter 2 also
provides the theoretical basis for the methodology that is outlined in Chapter 3. This is
followed by results and interpretation in Chapter 4. Chapter 5 is a somewhat stand-alone unit
in this study. The chapter reflects a more minor secondary thrust of the study concerning
environmental impacts of the Elida copper porphyry discovery and mine lifespan. Lastly,
Chapter 6 summarizes the results of this thesis and discusses the major findings with respect
to the research questions posed.
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2. Background
Satellite remote sensing provides powerful technological tools for the detection,
identification and analysis of a wide range of geological applications. This technology
enables geological mapping in remote regions, and high-risk fieldwork over large areas that
are difficult or impossible to cover by foot and which require large time and money
investments. Remote sensing in Earth Sciences has been applied from the time when aerial
photographs became available and, more recently, when high quality satellite images such as
WV-2 and ASTER became widely available. Improvement in computing power and other
technological advancements, have importance in the field of exploration geology. An
increased number of spectral bands (eg. SWIR) and high-resolution imagery (ASTER), and
data from other RS sensors can be used to facilitate efficient mapping of the earth surface.
A review of both theory and usage behind different remote sensing techniques related
to alteration minerals, lithological and lineament mapping, as well as the formation of copper
porphyries are presented in this chapter. False colour composites, band ratio, and principal
component analysis and minimum noise fraction are techniques used in alteration mineral
mapping. Lithological mapping provides a review of maximum likelihood classification and
spectral angle mapper. Lastly, Lineament mapping outlines the theory and usage of digital
elevation models and shaded relief maps.
2.1 Porphyry Copper Deposit
Some copper ore bodies found in the earth’s crust are known as porphyry copper deposits,
Figure 2.1 illustrates their formation (Ngcofe et al., 2013). Porphyry copper deposits are
formed when one plate slides beneath another, generating extreme heat from the stress and
pressure (Rohrlach, 2012; Toovey, 2011). The heat causes the Earth’s crust to melt into
liquid known as magma. A number of geochemical changes occur as the magma
incorporates new minerals, and is forced upwards towards the Earth’s surface. As the
magma moves upwards, the pressure decreases and causes the water in the magma to
separate and deposit precious minerals (Toovey, 2011). A porphyry deposit differs from a
volcanic flow in that the magma crystallizes and solidifies deep in the earth's crust as it rises
and cools, rather than erupt to the surface. The mineral rich water from this process often
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takes the least resistant path, such as traveling through the cracks and fractures (Rohrlach,
2012; Toovey, 2011). Over millions of years, the rocks covering these deposits erode, and
parts of the deposits eventually appear at the surface.

Figure 2.1: Schematic diagram of the formation of a porphyry copper deposit. (Sillitoe, 2010)

Porphyry copper deposits generally form a concentric shell shape consisting of
four alteration zones; Potassic, Phyllic, Argillic and Propylitic zones Figure 2.2. The
innermost zone (core) is composed of a potassic alteration zone. This zone is formed
at a high temperature of alteration resulting from potassium enrichment and contains
the most altered rocks, typically comprised of, quartz, biotite and potassium feldspar
(Sabins, 1999).

A Phyllic zone follows next and commonly consists of quartz,

sericite, and pyrite. The Argillic zone is found in between Phyllic and Propylitic zone.
This zone is characterized by assemblages of quartz, kaolinite, and montmorillonite
(clay minerals) and formed at lower temperatures. The Propylitic zone is a weakly
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altered form in a distal setting and is located at the outermost zone of the porphyry
deposit. It is characterized by the presence of epidote, quartz, chlorite, and chloritecarbonate (Sabins, 1999).

Figure 2.2: Schematic cross-section of hydrothermal alteration zones and ores associated with
porphyry copper deposit (Pour and Hashim, 2012. Modified from Lowell and Guilbert 1970)

Over the last few decades copper has been one of the most common minerals to be
sought using satellite remote sensing. Although direct identification of copper is usually not
possible by any remote sensor, it is possible to detect minerals associated with copper based
on their spectral signatures. Different types of minerals will reflect and absorb differently at
different wavelengths. This makes it possible to discriminate minerals by their spectral
reflectance signatures (Feizi, 2013, Mahmoodi et al., 2013, Pour and Hashim, 2012,
Ninomiya, 2003). Clay and other hydroxyl-bearing minerals occur in the alteration zone
with diagnostic spectral absorption signatures (Pour and Hashim, 2012). These signatures
are found in the shortwave infrared (SWIR) portion of the electromagnetic spectrum. The
shortwave infrared spectral signatures can be manipulated to locate sites with high potential
of mineral occurrences based on the spectral signatures (Pour and Hashim, 2012).
2.1.1 Hydrothermal Alteration
The change in rock mineralogy as a result of interaction with hot water fluids
(hydrothermal fluid) is referred to as hydrothermal alteration (Byrappa and Youhumura, 2001
pp 7; Robb, 2013). Ore deposits are often initially discovered in the field by the recognition
of hydrothermally altered host rocks. Lithology and landscape features are also often used as
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guides for mineral prospecting due to the spatial relationship they have with porphyry
deposits. Hydrothermal fluid processes produce copper porphyry deposits by altering the
chemical composition and mineralogy of the country rocks (Pour and Hashim, 2012; Ferrier
and Wadge, 1996; Ferrier et al., 2002; Hunt and Ashley, 1979). Hydrothermal alteration can
produce distinctive groupings of minerals. This alteration can sometimes be mapped when it
is exposed to the surface of the Earth by using remote sensing techniques (Boloki and
Poormirzaee, 2010). Hydrothermal fluids circulate through faults and fractures, carrying
minerals along the way (Lagat, 2007). The path taken by hydrothermal waters will ultimately
influence the location of these mineral deposits.
2.1.2 Hydrothermal Alteration Minerals
Rock alteration is understood by the changes in the morphology of the mineralogy of the
rock. As such, the secondary minerals supersede the primary minerals due to the variation in
the dominant conditions. These changes could have a plethora of different origins, but are
usually related to chemical, temperature, or pressure conditions.
Hydrothermal alteration happens because hydrothermal fluids are passing through the
rocks. The hydrothermal fluid affects the rock formation by redistributing, adding and/or
removing its components (Robb, 2013). Fluid temperature varies between warm and boiling,
making fluid configuration significantly variable. Furthermore, the hydrothermal fluid
comprises different kinds of salts, gases (briny fluids), and metals. The fluids transport
metals in solution, from leaching out of some nearby rocks or a proximate igneous source
(Robb, 2013).
2.1.2.1 Alunite
Alunite is an alteration mineral which is the hydrated form of aluminum potassium, sulfate
(KAl3(SO4) 2(OH) 6).

Alunite forms from sulfuric acid reacting with potassium rich

feldspars, a process known as alunitization. The alteration of alunite resembles dolomites or
limestones in their vast forms. A test for verifying alunite is to acidify the rocks with
hydrochloric acid (HCL), and then observing no traces of effervescence formed from the
reaction (Pough et al, 1996). The ASTER SWIR band 8 spectral regions can be used to
identify Alunite (Ninomiya, 2004).
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2.1.2.2 Carbonate
Carbonate rocks are found worldwide. Carbonate minerals contain carbonate ions CO3 2− as
the basic structural and compositional unit. Carbonate minerals, such as calcite and dolomite,
can be identified using SWIR bands of ASTER and the CO3 group can be highlighted using
TIR ASTER bands. Alteration mineralization of carbonate deposits in porphyry system
environments comprise of the largest base metal (Pirajno, 1992). In porphyry copper
deposits, the most common alteration minerals in carbon rocks are: pyroxene, garnet,
chlorite, K-feldspar, quartz, actinolite, epidote, biotite, calcite, dolomite, and wollastonite
(Berger et al, 2008).
2.1.2.3 Kaolinite
Kaolinite is part of the clay mineral group belonging to phyllosilicates form of hydrous
aluminum silicates. The chemical composition for kaolinite is (Al2Si2O5(OH)4). The manner
in which unit layers are stacked, and the thicknesses of each unit layer, distinguishes the
different types of kaolin minerals (Ismadji et al, 2015). Kaolinite has a soft earthy texture and
is normally formed by supergene vs hypogene of aluminosilicate minerals (Allaby, 2008).
Feldspar rich rocks (granite) are a common source for kaolinite formation. The chemical
formula/composition for kaolinite is similar to dickite, halloysite and nacrit (Ismadji et al,
2015). Kaolinite is found in the argillic zone of copper porphyry deposits, and identified
using the SWIR bands (6 and 7) of ASTER (San et al, 2004).
2.1.2.4 Hydroxyl-bearing Minerals
Hydroxyl-bearing minerals are minerals comprised of hydrogen and oxygen. The chemical
formula of hydroxyl is (OH). Hydroxyl-bearing minerals constitute the most typical product
of alteration present in phyllic, argillic and potassic zones (Ranjbar et al, 2004). Hydroxylbearing minerals can be found in hydrothermal clays, sulfates, phyllosilicates, ammoniumbearing minerals, carbonates, iron oxides and a broad range of silicates (Gupta, 2013).
Hydroxyl-bearing minerals are highlighted in SWIR spectral channels of ASTER (Pour and
Hashim, 2012) as having a deep and sharp absorption feature at band 6 region (Ninomiya,
2004).
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2.2 Multispectral Imaging Systems in Exploration
Multispectral radiometers acquire visible, near infrared and shortwave
infrared images in broad wavelengths, which enables scientists to accumulate data on
reflection and absorption properties of vegetation, rock, and soils (Gupta, 2013;
Sabins, 1987). Multispectral data can be used to discern land surface features and
landscape patterns to understand and interpret surface lithology (Sabins, 1987). Some
of the most popular multispectral satellites in orbit are WorldView-2 ,GeoEye-1,
IKONOS, QuickBird, LandSat 7+ETM and ASTER and the recently launched
Landsat 8, in 2013, and WorldView-3 in 2014. This research utilized data from
ASTER and WorldView-2 (WV-2). The Advanced Spaceborne Thermal Emission
and Reflection Radiometer (ASTER) is a multispectral sensor on board NASA’s
TERRA spacecraft, launched in December 1999 (Ninomiya, 2003; Feizi, 2013).
2.2.1

WorldView-2
WorldView-2 is the first high-resolution multispectral system that collects

images for commercial use. It is owned by DigitalGlobe and was launched in October
2009 (Novack, et al., 2011 and Padwick, et al., 2010). WV-2 has eight spectral bands
and a panchromatic (black and white) band; it is the first multispectral satellite to
capture traditional wavelengths (red, green and blue) as well as yellow, red edge,
coastal and two near infrared spectral wavelengths (Table 2.1) (Novack, et al., 2011).
The additional bands allow WV-2 to detect considerably more earth characteristics
than other commercial satellites. The multi-spectral bands have a spatial resolution of
1.84m and the panchromatic band has a spatial resolution of 0.46m (Novack, et al.,
2011 and Padwick, et al., 2010). Although WV-2 has high-resolution multispectral
band, the satellite does not have sensor for short wave infrared, that are vital for
alteration minerals detection.
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Table 2.1: WorldView-2 Sensor Bands and Spatial Resolution (Digital Globe, 2013)
Sensor Bands

2.2.2

Band No.

Spectral
Range nm

Coastal

1

400-450 nm

Blue

2

450- 510 nm

Green

3

510-580 nm

Yellow

4

585-625 nm

Red

5

630-690 nm

Red Edge

6

705-745 nm

Near—IR1

7

770-895 nm

Near-IR2

8

860-1040 nm

Panchromatic:

9

450-800 nm

Spatial
Resolution, m

1.85 m

0.46 m

ASTER Data
ASTER imagery has been extensively and successfully applied in lithological

mapping and hydrothermal alteration mineral exploration since 2000 (Pour and
Hashim, 2012). There are numerous studies where ASTER has been utilized
successfully to locate alteration minerals. Mars and Rowan (2006) used ASTER
imagery to map zones of alteration at a regional scale by applying multiple band
ratios and defined threshold values for mapping phyllic and argillic zones.
Brandmeier, et al. (2013) used a combination of rock sample geochemical analysis,
hyper-spectral field spectrometer data and ASTER imagery to examine alteration
patterns related to magmatic and hydrothermal activity. Tangestani, et al. (2008) used
principal component analysis (PCA) of hyper-spectral data, and spectral angle
mapper (SAM) for detecting zones of alteration. ASTER imagery and its applications
can be effectively used for mapping hydrothermal alteration mineral zones related to
porphyry copper.
ASTER images are cost-effective, easy to obtain, and can be utilized to
provide initial mineralogical information and geo-referenced alteration maps with
high accuracy (Mahmoodi et al., 2013). ASTER is the only multispectral satellite that
consists of 14 bands. ASTER’s 14 bands are divided into three different wavelength
subsystems, Visible and Near Infrared (VNIR), Short-Wave Infrared (SWIR) and
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Thermal Infrared (TIR). VNIR has three bands with spatial resolution of 15m, SWIR
has six bands with 30 meters spatial resolution, and TIR has five bands with the
spatial resolution of 90 meters (Feizi, 2013; Mahmoodi, et al., 2013, Ninomiya,
2003). ASTER bands resolution are shown in Table 2.2.
Table 2.2: ASTER Bands and Spatial Resolution

Subsystem

VNIR

SWIR

TIR

Band No.

Spectral Range
(µm)

1

0.52-0.60

2

0.63-0.69

3N

0.76-0.86

3B

0.76-0.86

4

1.60-1.70

5

2.145-2.185

6

2.185-2.225

7

2.235-2.285

8

2.295-2.365

9

2.360-2.430

10

8.124-8.8475

11

8.475-8.825

12

8.925-9.275

13

10.25-10.95

14

10.95-11.65

Spatial
Resolution, m

15m

30m

90m

ASTER provides the ability to identify distinct absorption features of most
minerals, which enables researchers to identify patterns of minerals on the surface.
ASTER imagery therefore, is being used for both lithological and mineral mapping
with considerable success (Crosta, 2003; Massironi et al., 2008; Zhang et al., 2007;
Ninomiya, 2003; Rowan and Mars, 2003). These studies have established ASTER as
a powerful tool in reconnaissance geologic mapping (Di Tommaso and Rubinstein,
2006; Junek, 2002; Rajesh, 2004) and have also encouraged the development of an
ASTER mineral manual processing guide (Kalinowski and Oliver, 2004).
Consequently, the development of the ASTER mineral manual has promoted the
increased interest of corporations involved in exploration initiatives (Nunn et al.,
2007).
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2.2.2.1 Spectral Properties

Hydrothermal alteration minerals with diagnostic spectral absorption features in
VNIR, SWIR, TIR wavelength regions can be detected by multispectral RS
techniques for beginning phase of porphyry copper exploration (Pour and Hashim,
2013; Di Tommaso and Rubinstein, 2007; Zhang, et al., 2007; Mars and Rowan,
2006; Ranjbar, et al., 2004). Zoned assemblages of hydrothermal alteration minerals,
such as phyllic, argillic, potassic, propylitic, and oxidized zones typically characterize
porphyry type deposits (Mahmoodi, et al., 2013; Pour and Hashim, 2012). The
hydrothermal zones and oxidized zones related to porphyry copper deposits can be
characterized and displayed using multispectral remote sensing data (Ranjbar, 2011).
Supergene

alteration

processes

(i.e

enrichment that involves surface waters) in
porphyry copper bodies tend to create an oxide
zone rich in iron oxide/hydroxide minerals. Iron
oxides tend to have high reflectance in the near
infrared wavelength spectrum due to their
transition element properties as multivalent ions
2+

Fe

,

3+

Fe (Pour and Hashim, 2012; Ranjbar, et al.,

2004). The alteration zones comprise of a
Potassium silicate core surrounded by the three
alteration zones, as follows: outward from the
potassium zone is the phyllic alteration zone.
Phyllic is the broadest zone, characterized by
sericite-pyrite that corresponds with a high
reflectance value in ASTER band 6. The narrower
clay-rich argillic alteration zone follows the
phyllic zone. It corresponds with high reflectance
value in ASTER band 5 and displays a secondary
Al-OH absorption feature. The outermost zone,
called the Propylitic, contains epidote, chlorite,

Figure 2.3 :ASTER bands corresponding
to hydrothermal alteration minerals
found in porphyry copper (Pour & Hashim,
2012)

and calcite. It coincides with high values in
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ASTER band 8 (Pour and Hashim, 2011; Mars and Rowan, 2006; Rowan. et al.,
2006). Figure 2.3 displays spectra of ASTER bands related to minerals found in
copper hydrothermal alteration.
2.3 Image Enhancement
Image enhancement is one of the most widely used methods in geological interpretation with
remotely sensed data. Image enhancement is a digital process invented to create a more
suitable image for a specific application by improving the actual interpretability or perception
of information in an image without spoiling the image (Singh, 2013). Image enhancement
methods such as False Colour Composites (FCC), band ratio, Principal Component Analysis
(PCA), and Minimum Noise Fraction (MNF) have all been successfully used in multiple
studies. This section will present the principles and practice of these techniques.
2.3.1 False Colour Composite
False colour composite (FCC) image generation is a qualitative approach for detecting
information such as vegetation health and lithology, which is difficult to recognize in natural
colour or in individual gray (monochrome) image bands. FCC images are produced to
highlight information of interest by using a combination of colours (Sabins, 1999). The false
colour image creation procedure assigns RGB (red, green, and blue) colour to three different
bands using the VNIR, SWIR and TIR bands of ASTER to increase the spectral separation of
features in an image. The increased spectral separation helps to interpret the data. The use of
FCC images to discriminate between different rock units has been well documented in the
literature (Di Tommaso and Rubinstein, 2006; Gad and Kusky, 2007; Massironi, et al., 2008;
Matar, 2013) and a continuous stream of research supports the feasibility of these methods.
The different types of minerals present in a particular area can be seen as a good indicator for
geological processes that are found in the region. FCC-processed images provide information
on, for example, the geology, topography and surface roughness or texture, which are not
readily visible in individual ASTER bands (Gomez, et al., 2005; Mouhssine, 2013). The
spectral reflection (absorption or emission) and the mineral composition of a targeted rock
unit help distinguish features for lithological mapping when working with ASTER data
(Mouhssine, 2013).
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The spectral curves for rock are relatively difficult to distinguish in comparison to
minerals since rock is typically composed of a combination of different mineral types, thus
making identification and classification difficult. However, it is still possible to broadly
identify lithology from essential minerals found in rocks (Gupta, 2013). In order to
adequately classify rocks, they need to be categorized based on their mineral composition.
For example, igneous rocks are normally divided into two categories, felsic and mafic. Felsic
rocks are composed of quartz, and feldspar, while mafic rocks consist of olivine and
pyroxenes (Le Maitre et al, 2002). Felsic rich rocks are also commonly found to contain
aluminum and silicon. Felsic rich rocks become aluminium hydroxide (Al-OH) minerals
when weathered. This alteration is commonly found in alunite and kaolinite, and can be
detected in ASTER band 6 data. Mafic rocks are rich in magnesium and iron. When
weathered, they alter to FeMg-OH, commonly found in epidote and chlorite. These minerals
can be identified using ASTER band 8.
Di Tommaso and Rubinstein (2006) gave a general breakdown of ASTER band FCC
enhancement corresponding to alteration for such processes. Bands 1 and 3 highlight Feoxides (Iron oxides); bands 5 and 6 detect Al-OH (Aluminium hydroxide) caused by clay
minerals such as sericite and/ or muscovite and/or alunite; band 7 identifies Fe-OH (Ironhydroxide) predominantly caused by and Fe-muscovite/or jarosite; and ASTER band 8
discriminates Mg–OH (Magnesium Hydroxide) primarily produced by epidote chlorite
and/or carbonates (CO3) as shown in Table 2.3.
Table 2.3: FCC ASTER band enhancement. Based on Di Tommaso and Rubinstein (2006).
Aster Bands

Highlighted Features

1 and 3

Absorption features detect mainly Fe-oxides

5 and 6

Absorption detects Al–OH caused by clay minerals, alunite and/ or
sericite/ muscovite

7

Detects Fe–OH caused mainly by Fe-muscovite and/or jarosite

8

Mg–OH caused mainly by carbonates (CO3),, epidote and/or chlorite
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According to Yajima, (2013) a combination of ASTER SWIR and TIR false colour
images are capable of enhancing and visualizing the main alteration zones in relation to
porphyry copper deposits (advanced argillic and phyllic alteration). This is done by applying
4, 6, 8 ASTER SWIR bands to red (R), green (G) and blue (B) filters and assigning TIR
bands 14, 10, 12 (R, G, B) to create an FCC image for lithological and geological mapping
(Yajima and Yamaguchi 2013). Massironi, et al., (2008) and Gabr, et al., (2010) used
ASTER bands (7, 3, 1) in R, G, B to create a FCC image for classifying lithological, regional
lineaments and structural patterns in the Barramiya District, Egypt. Band 7 represents MgOH absorptions of amphiboles, phyllosilicates and epidote in addition to Al-OH absorption
of white mica and clays. Band 3 highlights Fe crystal field absorption and high reflectance
through vegetation cover. Band 1 emphasizes Fe ions in, ferric oxides, pyroxenes,
phyllosilicates and amphiboles. Gabr, et al., (2010) was able to highlight ultramafic rocks,
basic metavolcanics, acidic metavolcanics, gabbro-diorite, Nubian sandstone and tonality by
the use of 7-3-1 combinations.
The ASTER combination 7-3-1 is commonly used for highlighting target minerals in
a given study area. However, the use of band combination in a FCC, is also a successful
approach to discriminate between lithological features. A false colour composite method to
enhance geological information has been successfully utilized by Gad and Kusky (2007) and
by Massironi, et al., (2008). Gad and Kusky (2007) used false colour band combination for
lithological mapping by assigning a band ratio of 5/7 to the red channel, 3/1 to green, and 4/3
to blue. Massironi, et al., (2008) suggested that specific absorption information could be
extracted by applying ASTER false color composites of ratios 4/6–2/1–4/3 and 4/8–2/1–4/3
to R-G-B channels. The 4/6 ratio was designed to emphasize the Mg-OH bond (amphiboles,
biotite, epidote and chlorite) and the 4/8 ratio was intended to highlight Al-OH (kaolinite and
other clays, which are produced from the alteration of sericite and of K-feldspar). The
absorption of Fe ions is detected by a ratio of 2/1 and 4/3, selected to accentuate iron in mafic
minerals.
There are various false colour and ratio false colour composite combinations that can
be utilized for geological mapping. Based on the geological characteristics of the study area,
appropriate false colour composites and combinations can be applied to obtain desired
results. The majority of the combinations are derived from ASTER SWIR bands. This is
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because the key alterations related to porphyry copper deposits (advanced argillic (Al-OH),
phyllic alteration (sericite), and Fe ions) are enhanced using the ASTER SWIR bands as
shown in Table 3.
2.3.2 Band Ratios
Band rationing is a simple, yet powerful technique used for enhanced land cover/features by
emphasizing the variance in the focus area (Ninomiya, 2003). This technique allows the user
to detect surface materials that are difficult to identify in the raw imagery. Band ratio
enhances spectral differences in the image making it possible to distinguish surface material.
It is a digital image-processing technique that minimizes the effects of illumination and
topographic slope variation, while in this case exaggerating the contrast between features.
This is achieved by dividing a digital number (DN) value, reflectance, from one spectral band
by the DN value of the corresponding cell in another band (Lillesand and Kiefer, 2000;
Ninomiya, 2003; Rowan, et al., 2003).
Band rationing has been widely used to obtain lithological and mineralogical
information from multispectral data. ASTER’s fourteen spectral bands allow for more ratio
images, which allows for more accurate lithological indices (Zhang et al., 2007). Many
hydrothermal alteration minerals are detectable by the SWIR bands of the ASTER satellite
(Table 2.4) due to their unique spectral features. Band rationing enhances the existence of
these minerals. In the case of identifying Alunite using ASTER data the image needs to be
enhanced using the (Band7/Band5)*(Band7/Band8) ratio equation (Ninomiya, 2003). The
highest spectral reflection related to Alunite is the numerator and the lowest spectral
reflection (highest absorb spectral) is assigned to the denominator (Lillesand and Kiefer,
2000).
Although this technique has been extensively used for detecting hydrothermal
alteration minerals, it still presents one disadvantage. Band ratio is a qualitative approach
from which conclusive results cannot be attained. After the data is processed to generate a
ratio image, a threshold value needs to be assigned to emphasize the specified
feature/mineral. The threshold value varies based on the abundance of the targeted
feature/mineral present in the dataset.
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Nevertheless, this image enhancement technique gave positive results in a number of
studies (Sabins, 1999; Ninomiya, 2003, 2004; Ninomiya et al 2005; Ninomiya et al, 2010;
Rowan and Mars 2003; Rowan, et al., 2006; Zhang, et al., 2007; van der Meer, et al., 2012;
Pour and Hashim, 2012). Ninomiya (2003, 2004) has examined and applied various
alteration minerals in an ASTER scene using both SWIR and TIR bands with successful
results. Ninomiya et al (2005) proposed numerous mineralogical indices for distinguishing
chemical composition such as a Alunite Index (ALI), Kaolinite Index (KLI), Carbonate Index
(CI), Mafic Index (MI) and Quartz Index (QI). Ninomiya (2003) successfully applied this
technique in the Cuprite district in Nevada; the ophiolitic belt zones in Oman; the Yarlun
Zangbo River in Tibet; and the Central Eastern Desert of Egypt. Zhang (2005, 2007) used
band ratios created by Ninomiya (2003) in the Chocolate Mountains area for alteration
mineral mapping.
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Table 2.4: ASTER band indices RGB for mineral features (Kalinowski and Oliver , 2004).

Feature

ASTER Band or Ratio

Comments

Reference

Iron
Ferric Iron, Fe3+

2/1

Rowan and Mars, 2003;
Hewson et al., 2001,2004a

Ferrous Iron,Fe2+

5/3 and 1/2

Rowan and Mars, 2003

Gossan

4/2

Volesky et al., 2003

Ferrous Silicates (biot, chl,
amph)

5/4

Fe oxide CuAu alteration

Hewson et al., 2001,
2004a

Ferric Oxides

4/3

Can be
ambiguous

Hewson et al., 2004a

Carbonates / Mafic Minerals
Carbonate/Chlorite/Epidote

(7+9)/8

Rowan and Mars, 2003

Dolomite

(6+8)/7

Rowan and Mars, 2003

Carbonate

13/14

Calcitedolomite

Ninomiya, 2003a

Hydroxyl Group

(Band7/Band6)* (Band4/Band6)

Ninomiya, 2003a

Kaolinite

(Band4/Band5)*(Band8/Band6)

Ninomiya, 2003a

Alunite

(Band7/Band5)*(Band7/Band8)

Ninomiya, 2003a

Calcite

(Band6/Band8)*(Band9/Band8)

Ninomiya, 2003a

Silicates
Sericite/Muscovite/ Illite /
Smectite

(5+7)/6

Alunite/ Kaolinite /
Pyrophyllite

(4+6)/5

Phyllic
alteration

Rowan and Mars, 2003;
Hewson et al., 2004
Rowan and Mars, 2003

Muscovite

7/6

Hewson et al., 2001, 2004

Kaolinite

7/5

Hewson et al., 2001, 2004

Clay
Alteration

(5x7)/(6x6)

Approximate

Bierwith, 2002

4/5

Volesky et al., 2003

14/12

Rowan and Mars, 2003
Ninomiya, 2003a

Quartz

(Band11/Band10)*(Band11/Band12)

Ninomiya, 2003a

Quartz

[Band11/ (band10+ band12)]
*(Band11/Band12)

Rockwell and Hofstra,
2008

Silica

(11x11)/10/12

Bierwith, 2002

Silica

13/12, 12/13

Ninomiya, 2003a

Silica

11/10, 11/12, 13/10

Hewson et al., 2001, 2004

Silica (SiO2)
Quartz Rich Rocks
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2.3.3 Principal Component Analysis
Principal components analysis (PCA) has been used for several purposes in the remote
sensing field. PCA is a powerful statistical tool used for image enhancement. This technique
accentuates similarities and differences to show patterns in the data. PCA is an orthogonal
linear transformation that reorganizes multivariate statistical data. PCA is used to reduce
variance and dimensionality of the image data by identifying the eigenvectors of a variance
covariance or a correlation matrix (Khaleghi and Ranjbar 2011). The number of output PC
images that are calculated is equal to the number of the input spectral bands. As the number
of PC bands increases the variance decreases. The largest variances will be found in the first
PC band, then in the second, then in third. The last PC band will show the least variance.
This is due to the noise added by the original data.
There are two approaches to calculate PCA, standardized and unstandardized. If PC is
calculated without using a covariance matrix it is considered to be unstandardized. If PC is
calculated using the correlation matrix then it is called standardized PCA. The standardized
PCA technique is more suitable when working with multispectral remote sensing as its signal
to noise ratio is better as compared to unstandardized PCA (Gupta, 2013) Since satellite
remote sensing image data has numeric attributes, PCA can be applied to reduce redundancy
in highly correlated bands, making it easier to interoperate image data. PCA can process
ASTER data to produce images by extracting mineralogical spectral information for specific
hydrothermal alteration minerals (Crosta, et al., 2003). Therefore, PCA can be used for
alteration mineral mapping of deposits such as copper (Pour and Hashim, 2012; Khaleghi and
Ranjbar, 2011).
PCA is a well-known, widely employed technique for lithological and mineral
mapping (Crosta, et al., 2003; Rowan and Mars, 2003; Ranjbar, et al., 2004; Zhang, et al.,
2007; Moore, et al., 2008; Tangestani, et al., 2008; Amer, et al., 2010; Pazand, et al., 2013).
Crosta (2003) applied PCA to the Los Menucos gold region to extract mineralogical
information from ASTER multispectral data. Zhang, et al., (2007) also used PCA with
ASTER to extract alteration information about mineral assemblages in the south Chocolate
Mountains of California. Pazand, et al., (2013) used PCA on ASTER data in Ahar, Iran to
highlight different alteration zones related to copper porphyry.
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2.3.4 Minimum Noise Fraction
Minimum Noise Fraction (MNF) is a technique similar to PCA and is commonly used in
image processing and remote sensing for dimension-reduction prior to image unmixing, or
curve resolution (Berman, 2012). This technique is used to determine the inherent
dimensionality of image data, segregate noise in the data, and reduces the computational
requirements for subsequent processing (Green, et al., 1988; Boardman and Kruse, 1994;
Khaleghi and Ranjbar, 2011; Pour and Hashim, 2011; Mouhssine, et al., 2013). The idea of
MNF is to show the differences between the bands rather than similarities. MNF is
composed of two steps. In the first step noise covariance matrix is calculated by decorrelating and rescaling the noise, resulting in noise to variance unit correlation rather than
band-to-band correlation (Pour and Hashim, 2011). The second step uses the noise-whitened
data to drive principal components by using data with large eigenvalue to separate the noise
from the data, improving spectral results. This step is divided into two parts; large
eigenvalues and near unity eigenvalues and noise dominated images (Pour and Hashim,
2011).
Minimum noise fraction analysis can be used to detect the location of spectral
signature anomalies. This process can be used in exploration geology because spectral
anomalies are often indicators of alteration due to hydrothermal mineralization (Feizi and
Mansuri, 2013). Ferrier, et al., (2002) used MNF along with other methods for the mapping
of hydrothermal zones on the island of Lesvos, Greece. Pour and Hashim, (2011) used MNF
on ASTER SWIR bands to discriminate hydrothermally altered rocks from surrounding
igneous background in south–eastern Iran near the Tethyan Copper Belt. Mouhssine, et al.,
(2013) applied MNF with PCA to the Azegour Area (Western High Atlas, Morocco) and
revealed neat lithological boundaries of various lithological units and several faults that
should be added to the existing geological map.
2.4 Lithological Classification
Geological remote sensing uses multi-spectral satellite data to determine differences in the
physical and chemical properties and weathering surfaces of rock types. Different rock types
reflect electromagnetic energy in different ways, allowing the identification of unique or
typical characteristics of rock mineralogy. For ASTER data, existing classification methods
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are mainly based on its relatively high multi-spectral resolution (Rowan and Mars, 2003;
Rowan, et al., 2005; Chen, et al., 2007). Each set of ASTER bands (VNIR, SWIR, TIR)
absorbs and reflects wavelengths from different rocks and types of minerals differently. This
section will present the principles and practice of maximum likelihood classification (MLC),
and the spectral angle mapper (SAM) image feature classification enhancement techniques to
perform lithologic classification.
2.4.1 Maximum Likelihood Classification
There are several different classification algorithms. The Maximum Likelihood Classifier
(MLC) is one of the most widely used classification methods in remote sensing. It utilizes
both variances and covariance of the training classes when assigning unknown pixels to
corresponding classes. This is calculated with the assumption that the class sample
distribution is normal. The mean vector and covariance matrix of each class is estimated, and
from this, the statistical probability of a given pixel belonging to each class is determined
(Lillesand and Kiefer, 2000). MLC is a supervised classification technique in which pixels
are assigned to various corresponding classes based on their similarity in spectral properties
(Cloutis, 1996). In MLC each pixel is assigned to the training class that has the highest
probability or maximum likelihood, and the unclassified pixels are assigned to the highest
probability class (Hadigheh and Ranjbar, 2013). The major advantage of applying MLC is its
ability to rapidly assign pixels to any one of the training classes. The greatest disadvantage in
its application, however, is that it includes the noise in the data (Cloutis, 1996).
Maximum Likelihood Classification is used for classifying different types of land
cover (Lillesand and Kiefer, 2000; Salem, et al., 1995). The accuracy of MLC is highly
variable for lithological mapping. MLC assumes a normal distribution for all training
samples, and yet variation in mineral components within the same rock unit can cause
classification issues. External factors such as weathering, vegetation cover, regolith, alluvial
deposits and desert varnish further aggravate classification issues (Prost, 2001).
Gomez, et al., (2005) tested MLC on ASTER imagery to map lithology of the western
margin of the Kalahari Desert in Namibia. The author mapped a range of rocks and the
accuracy ranged with different lithological units. Limestone had an accuracy of 62%,
quartzite had 40% accuracy, and sand-and-gravel had an accuracy of 7%. The authors
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attributed high classification accuracy to spectral homogeneity and poor classified results
with spectral heterogeneity. Zhang, et al., (2007) applied MLC to 14 ASTER bands in the
South Chocolate Mountains, California. The authors were able to achieve an overall accuracy
of 81.4% for six rock types: flood basalt, quartz-biotite gneiss, muscovite schist, granitic,
volcanic, and meta-sedimentary rock units. Masseroni, et al., (2008) applied MLC to ASTER
VNIR/SWIR data to discriminate granitoid rocks in the Saghro massif in the Eastern AntiAtlas (Morocco). Main lithological boundaries and granite were identified. However, MLC
was not successful in accurately mapping the lithology of the volcanic sequences - results
were scattered throughout different rock units. This is due to extreme lithological variability,
the widespread presence of desert varnish coating, and with different hydrothermal alteration
present in the study area. Yu, et al., (2011) also encountered negative results applying MLC.
The authors compared MLC with the support vector machine (SVM) algorithm in Rajasthan,
North-western India using ASTER. The results indicated that SVM provided a higher
accuracy for bedrock lithology (granite, quartzite, dolomite, and limestone) compared to
MLC. Soulaiman, et al., (2014) also used MLC on ASTER data for mineral and lithological
mapping. The Authors were able to successfully discriminate between metamorphic rocks,
granitoid bodies and carbonate cover in the Central Anti-Atlas, Iguerda inlier, Morocco.

2.4.2 Spectral Angle Mapper
Spectral Angle Mapper (SAM) is an automated supervised classification algorithm that
compares image spectra to known spectra. The known spectra can either be determined in a
lab or by taking field measurements with a spectrometer or by using the USGS spectral
library or the Johns Hopkins University Spectral Library (JHSL). This technique determines
the spectral similarity between two spectra based on the calculation of the ‘‘spectral angle’’
between them, treating it as a vector in a space with dimensionality equal to the number of
bands (Yuhas, et al., 1992; Kruse, et al., 1993a, 1993b; Qui, et al., 2006).
The size of the angle demonstrates the similarities between spectrums; small angles
between the two spectrums indicate high similarity where as high angles indicate low
similarity and spectrums outside of the maximum angle threshold are not classified
(Girouard, et al., 2004, Kruse, et al., 1993a). SAM produces results that are insensitive to
illumination or albedo affects if used with calibrated reflectance data. This is due to the fact
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that this method uses only the vector direction and not the vector length (Girouard, et al.,
2004).
The difference between SAM and other classification methods is that SAM compares
each pixel in the image to an endmember (spectrum of the purest form of that feature) for
each class and then assigns a probability value between 0 indicating low resemblances and 1
indicating high resemblances (Girouard, et al., 2004). The main setback of this algorithm is
that it does not take into count the sub-pixels value. Also there can be dissimilarities in
spectral signature of rocks due to weathering and environmental influences. This can lead to
overestimation or underestimation of the calculated angle.
The SAM classification technique has been widely used for lithological and alteration
mapping by Rowan and Mars (2003), Qiu, et al., (2006), Tangestani, et al., (2008),
Soulaimani, et al., (2014). Rowan and Mars, (2003), successfully utilized the SAM
classification method with ASTER data in Mountain Pass, California, USA to detect calcitic,
granodioritic, gneissic, granitic and quartz rock units. The results coincided with identified
rock units and a geological map of the study area. Galvao, et al., (2005), used the SAM
method on ASTER SWIR bands to discriminate hydrothermal altered minerals in the
northern portion of Goiás state, central Brazil. The authors were able to use ASTER SWIR
data to assertively discriminate altered minerals from the surrounding tropical vegetated
environment. Qiu, et al., (2006), applied various classification methods using ASTER data
to detect lithological units in the Neoproterozoic Allaqi-Heiani suture in Southern Egypt.
Volcano-sedimentary rocks, dismembered ophiolites, and syn- and post-tectonic granitoids
comprised the dominant geology of the study area. SAM effectively identified a majority of
the rocks such as talc-carbonate schist within the mafic metavolcanic rocks. However, SAM
was not able to identify gabbro nor mafic meta-volcanic rocks. The authors also compared
the results produced from the maximum likelihood classifier with SAM. The results from
SAM exhibited greater effectiveness in classifying ASTER data for rock units with 76.78%
accuracy as compared to MLC with 47.95% overall accuracy. Tangestani, et al., (2008),
applied the SAM algorithm to ASTER data to map alteration minerals in the Urmieh–
Dokhtar magmatic belt in southeast Iran. The authors employed the USGS spectral library as
endmember. The results coincided with previous geological work. Soulaimani, et al., (2014),
tested SAM using ASTER data set in Central Anti-Atlas, Iguerda inlier, Morocco for
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geological mapping. The authors successfully used various lithological classes of out-crop in
the study area to discriminate porphyritic granites and meta-sediments.
2.5 Topographic Visualization
Topographic visualization plays a key role in exploration geology. Topographic visualization
can be applied to identify a number of different “lineaments”. The term lineament can be
applied to denote features such as faults or shear zones, rift valleys, joints, fold axial traces,
dykes, streams, valleys, linear trends due to lithological layering, ridges, drainage patterns
and mountain ranges (Gupta, 2013).

2.5.1 Lineament Mapping
The term “lineament” was first defined by Hobbs in 1904 as a “significant line of landscape
which reveals the hidden architecture of the rock basement”. This term was later revised by
O’Leary, et al., (1976), as a “mappable, simple or composite linear feature of a surface,
whose parts are aligned in a rectilinear or slightly curvilinear relationship and which differs
distinctly from the pattern of the adjacent features and presumably reflects sub-surface
phenomena” making it more in line with remote sensing and image interpretation (Gupta,
2013). Since many mineral deposits are located along fracture zones, the identification of
lineaments is essential for mineral resource exploration (Lillesand and Kiefer, 2000).
The use of satellite imagery for lineament mapping is an extensively employed
technique in mineral exploration and for the mapping of geological feature variations over a
wide scale (Semere and Ghebreab, 2006; Maged and Mazlan, 2008; Marghany, et al., 2009).
Lineament features can range from a few meters to hundreds of kilometers in length. Satellite
imagery permits geological mapping in remote areas and over the region of interest (small or
large) in a single scene or in a mosaic (Lillesand and Kiefer, 2000, Papadaki, et al., 2011)
that are difficult to map on the ground (Scheiber, et al., 2015).
There are several features that influence the detection of lineaments. One of the most
important factors is the angular relation between a feature and the illumination sources. An
illumination source can sometimes hide (i.e. cast a shadow over) significant lineaments in
satellite images, especially if the feature is parallel to the source (Lillesand and Kiefer, 2000).
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To assist with lineament mapping and to overcome the illumination problem, digital
elevation models (DEM) can be applied.
There are two fundamental approaches for lineament information extraction using
image data: (i) automated quantitative analysis by using computer software and (ii) manual
qualitative interpretation by a human operator (Scheiber, et al., 2015). Manual lineament
mapping is a subjective approach. This approach differs largely between different operators,
which can be problematic for reproducing the results (Scheiber, et al., 2015). Although there
are automatic lineament detection algorithms and filters developed, such as the LINE module
in PCI Geomatica which is frequently used on satellite imagery such as ASTER and Landsat
ETM (Hung, et al., 2005; Qari, et al., 2008) or the major edge enhancement algorithms such
as Laplacian, Sobel and Canny for lineament detection using remotely sensed data
(Marghany & Hashim, 2010) or using PCI to minimize noise (Nama, 2004). Automatic
detection can minimize the dependency on the interpreters and also makes the process more
reproducible (Karnieli, et al., 1996). However, automatic detection methods fail to account
the origin of the lineaments; and can be influenced by non-geological structures such as manmade structures, e.g. roads, railways (Leech, et al., 2003; Al-Mokredi, et al., 2007; Papadaki,
et al., 2011). Therefore, a combination of manual and automated extraction is required to
produce the most accurate result.
Previous studies have proposed various processing techniques for lineament detection
on multi-spectral images. Papadaki, et al., (2011), processed ASTER satellite images to
enhance lineaments in Western Crete, Greece. Marghany, et al., (2010), integrated DEM and
the Canny algorithm to create a 3D model for lineament mapping in the United Arab
Emirates (UAE) using LANDSAT-TM satellite data. Abdullah, et al., (2013), applied
various RS and GIS image processing and enhancement techniques (edge enhancement
filters, sobel filter, PCA) to Landsat ETM-7 (Enhanced Thematic Mapper) satellite images
and SRTM (The Shuttle Radar Topography Mission) to discriminate lineament features in
Taiz City, Yemen.
2.5.2 Digital Elevation Models
Digital Elevation Models (DEM) are a very useful and frequently employed data analysis
technique in the field of Remote Sensing. DEMs are widely used for the extraction of
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topographic features, especially when applied to structural analysis (Abdullah, et al., 2013).
The data is normally compiled in grid-format to raster data consisting of latitude, longitude
and altitude (Fisher & Tate, 2006). According to these authors the term DEM corresponds to
a “set of measurements that record the elevation of the surface of the earth”. According to
Guth (1990), a DEM can be divided into two groups (i) contour-derived DEM (generated
from hypsographic maps) and (ii) image-derived DEM (generated using remote sensing
imagery). DEMs can be used in a variety of ways to map structural features. The use of DEM
has increased over the last decade with the growing availability of national and global
datasets programs, the advent of 10m pixel resolution with ±1m height accuracy (Smith and
Clark, 2005). A study was performed by Zaher, et al., (2014), that extracted geological
lineaments by calculating and interpreting DEM derivatives (shaded relief maps, slope maps,
and traverse profiles) in the southeastern part of the Western Desert, Egypt. Relief shading is
a popular DEM derivative since it highlights subtle variations in the surface and allows for a
realistic description of the surface (Onorati, et al., 1992; Smith and Clark, 2005).
2.5.3 Shaded Relief
Relief shading is useful for understanding major landforms and topography, (Marston and
Jenny, 2015). Relief shading highlights subtle variations in the surface allowing for a realistic
description and interpretation of the area (Onorati, et al., 1992; Smith and Clark, 2005). By
showing changes in elevation through the use of virtual light and shadows create a landscape
extrusion effect and emphasize the topography of a terrain from a given angle and altitude of
the sun (Lillesand, et al., 2014; Veronesi, 2015). The variation in shadows gives the terrain a
3D effect and helps to convey the topography (mountainous or flat) of a given geographic
area.
There are two types of remote sensing sensors, active and passive (Lillesand, et al.,
2014). Active remote sensors, such as radar and laser (LIDAR) emit their own artificial
electromagnetic radiation for illuminating objects. The ability to produce artificial
illumination, completely independent of solar illumination, allows active sensors to acquire
images during the day or night (Global Strategy, 2013; Lillesand, et al., 2014). Whereas
passive remote sensing systems, based on electromagnetic waves that are generated by
external sources of energy like the sun, are most commonly used (Global Strategy, 2013).
Energy efficiency of such imagery is brought by the imagery being recorded dependently on
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natural east-west solar illumination paths.
The Relief Shading method allows the user to illuminate the topography from several
angles or from a combination of angles. The appearance of linear landforms can be altered,
and appear more or less visible, through a small change of azimuth and direction of
illumination (Smith and Clark, 2005). Illumination can highlight linear features that are
perpendicular to the direction of illumination, and suppress the appearance of lineaments that
are illuminated along the structural trend. There are several studies that have shown shaded
relief to be a valuable tool for highlighting or mapping structural landforms (Saadi, et al.,
2009; Abdullah, et al. 2010; Scheiber, et al. 2015). Azimuth-biases and multi-directional hill
shading are most pronounced and successful with respect to mapping linear landforms.
Abdullah, et al., (2010), created shaded relief images from DEMs using all three light source
angles. The authors then combined four shaded relief images into a final image to discover
positive and negative lineaments in the Maran, Sungi Lembing area, Malaysia. The
discovered lineament had not been found by the interpretation of other satellite data.
Scheiber, et al., (2015), successfully used Light Detection and Ranging (LIDAR) to produce
lineament maps of fractured basement terrain located in western Norway. The authors
illuminated the image from three different azimuths (45°, 180°, 315°).
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3. Methods
Advancements in variety of techniques to detect and map minerals using remote
sensing (RS) have increased the opportunity to understand geomorphological structures in
arid or semi-arid environments. Availability of easily accessed large data repositories have
prompted the development of tools leading to better mapping of the Earth’s surface. The
tools, combined with different geospatial techniques, can be used to identify and analyze
features and properties of geomorphology and mineralogy on surface. The multiple
techniques approach provides a more accurate understanding of imagery. For the purpose of
this research, geospatial, satellite, and primary field data were used (Table 3.1). This chapter
describes the methods and techniques applied to the Elida copper porphyry, and has been
divided into four sections; alteration mineral mapping, lithological mapping, lineament
mapping and ground referencing. Techniques utilized in this research are shown in Figure
3.1.
Table 3.1: Data type and source

Data

Description

Source

Topographic
Geospatial Data

Geologic

Lundin Mining Corp

DEM
Satellite
Image Data

ASTER
WorldView-2

Lundin Mining Corp

Ground referencing
Field Data

Field imaging and
sampling

Primary Data
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False Colour Composites

Alteration
Mineral Mapping

Band Ratio

Lithological
Classification

Maximum Likelihood Classification

Manual Lineament from Reflectance Data

Lineament
Mapping

Manual Lineament from Terrain Data
Mineral Sample

Ground
Referencing

Soil Sample
Figure 3.1: Methods flow chart

3.1 Data collection and pre-processing
This research utilized data scenes from ASTER and WorldView-2 (WV-2). ASTER is a
sensor equipped with NASA’s TERRA satellite, launched in December 1999 (Ninomiya,
2003; Feizi, 2013). In October 2009, WorldView-2 was launched as the first high-resolution
multispectral satellite (Novack, et al., 2011; Padwick, et al., 2010). Both scenes are georeferenced in the UTM projection and use the WGS-84 ellipsoid datum. Multiple image
analysis and processing techniques were used to interpret the remote sensing spectral data in
this study. The methods applied include Band Ratio, Principal Component Analysis, False
Colour Compositing for alteration mapping, and Maximum Likelihood Classification for
lithological mapping. For lineament mapping, image enhancement techniques such as shaded
relief from eight cardinal directions, manual tracing and SOBEL line detection were applied.
3.1.1 ASTER Image Data
ASTER Surface Reflectance (AST_07) and (AST_05) from the EROS Data Center (EDC)
containing surface reflectance for each of the fourteen VNIR, SWIR and TIR bands at 15 m,
30 m and 90 m resolution were used. The SWIR data was previously processed at the
ERSDAC facility in Japan to reduce the ‘cross-talk’ effect. This effect is anomalously high
radiance in bands 5 and 9, due to the transmission of energy from the band 4 optical elements
to the adjacent band 5 and band 9 detectors (Iwasaki, et al., 2002). The data was
atmospherically corrected to radiances reported by the ASTER sensor. The correction
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removes effects due to changes in the satellite-sun geometry and atmospheric conditions. The
atmospheric correction algorithm is only applied to clear-sky pixels and the results are
reported as a number between 0 and 1 (Abrams, et al., 2002). Additionally, an SRTM Digital
Elevation Model was used.
The ASTER data was orthorectified twice. In the first instance, relative reflectance
VNIR and SWIR data were processed and analyzed. VNIR 15m resolution bands were
resampled to 30 m of SWIR bands. A nine-bands data set was created at 30 m spatial
resolution containing three VNIR and six SWIR bands. The second orthorectification was
geo-referenced at 15 m resolution. One SWIR pixel covers an area equivalent to the area
covered by four VNIR pixels. Because of the different pixel sizes, it is difficult to perform
pixel-based arithmetic. In order to mitigate this effect, SWIR pixels (30 m) were subdivided
into four VNIR pixel sizes (15 m) by using ENVI software. The resampling of bands resulted
in a more accurate geometric correction, with VNIR and SWIR channels in the same file
(San, et al., 2004). Additionally, this band sharpening technique allows many useful band
combinations for qualitative analysis and quick detection of alteration minerals, while having
a high locational accuracy (Fujisada, 1995). The VNIR and SWIR bands were orthorectified
using an ASTER-derived digital elevation model (DEM). During the orthorectification
process, the nearest neighbor resampling was preferred to bilinear and cubic convolution in
order to better preserve the spectral information of the images.
The ASTER–TIR spectral emissivity data (AST_05) was produced from Level 1B
data at the EROS Data Center, using the Temperature Emissivity Separation (TES) algorithm
developed by Gillespie, et al., (1986). The emissivity data was re-sampled and co-registered
to the VNIR + SWIR 30 m spatial resolution.
3.2 Software
This research used four different software packages including; ENVI, PCI Geomatica,
MATLAB and ArcGIS. ENVI was used for orthorectifying, image enhancement (FCC, Band
ratio spectral ratio) and layer stacking. PCI Geomatica was used for resizing and lithological
mapping. MATLAB was used for lineament mapping. ArcGIS was used for georeferencing.
Images and maps were compared, analyzed and produced using ArcMap.
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3.3 Alteration Mineral Mapping
The mapping of alteration minerals is performed because observable altered minerals are
good indicators for the presence of primary minerals of interest. Image enhancement
techniques such as band ratio, Principal Component Analysis and False Colour Composites
are important techniques that are commonly used for finding alteration zones. Different
image enhancement techniques that were used for alteration mineral mapping are presented
below.
3.3.1 Image Enhancement False Colour Composites and Band Ratioing
False Colour Composites images are an effective method for differentiating and identifying
hydrothermal alteration zones. The human eye is highly sensitive to colour differences and is
able to recognize patterns. Different FCCs were applied to ASTER and WV-2 multi-spectral
images to identify hydrothermal alteration zones.
VNIR and SWIR false colour images are useful for the exploration of porphyry
copper deposits. The main alteration types associated with porphyry copper deposits are
advanced argillic and phyllic alterations, clearly visualized and enhanced in the ASTER
image. FCCs were derived from three individual bands and from three band ratio images. Di
Tommaso and Rubinstein’s (2006) RGB (4/5, 4/6, 4/7) false colour composite and the two
different approaches proposed by Massironi, et al., (2008), RGB (7, 3, 1) and RGB (4/6, 2/1,
4/3) band combinations were adopted to create ASTER FCC images for identification of
alteration minerals. Band 7 is used to highlight hydroxyl absorption, while band 3 and 1
highlight vegetation and iron oxide absorption respectively. The 4/8 ratios are used to
highlight Al-OH (kaolinite and other clays) minerals. Finally, the 2/1 ratio corresponds to the
absorption of Fe ions and the 4/3 ratio to absorption of Fe in mafic minerals.
Band ratioing was applied as an image enhancement technique to identify four
alteration minerals (alunite, carbonates, kaolinite, and OH-bearing minerals). Many
permutations of ratio images for lithological and mineralogical indices can be derived from
ASTER’s 14 bands. However, this study primarily incorporates band ratio indices developed
by Ninomiya (2003) and Mars and Rowan (2010) as shown in Figure 3.2.
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Figure 3.2: Vegetation index and mineralogical indices for ASTER VNIR, SWIR and TIR bands
Ninomiya (2003) and Mars and Rowan (2010).

The indices listed in Figure 3.2 were applied to ASTER, VNIR and SWIR bands in
ENVI using the Band Math function. The bands were resampled to 15 m resolution and were
cropped to the regional and study area extents. In addition, a density slice routine in ENVI
was used to highlight the extreme values. Thresholds of 96.5% and above were selected for
each mineral index and a hotspot image using density slice was created to outline thresholds
ranging from 96.5-96.9%, 97-97.5%, 97.6-98%, 99%, and above 99% for the index in
ArcMap. A complete list of density slices is shown in Table 3.2 Any value below the 96.5%
threshold was discarded for each alteration mineral. The density sliced images were
reclassified in ArcMap to show the most extreme values ranging from 98.1 – 100%. Figure
3.3 illustrates the band ratio process.
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Table 3.2: Density-Slice Thresholds
Mineral

Alunite

Carbonate

Kaolinite

OH bearing minerals

DN Value

Percentage

Colour

239 - 244

96.5 – 96.9

Green

245 – 250

97 – 97.5

Yellow

251 – 254

97.6 – 98

Orange

255

98.1 –100

Red

247 - 249

96.5 – 96.9

Green

250 – 252

97 – 97.5

Yellow

253 – 254

97.6 – 98

Orange

255

98.1 –100

Red

240 – 244

96.5 – 96.9

Green

245 – 250

97 – 97.5

Yellow

251 - 254

97.6 – 98

Orange

255

98.1 –100

Red

230 – 237

96.5 – 96.9

Green

238 – 247

97 – 97.5

Yellow

248 – 254

97.6 – 98

Orange

255

98.1 –100

Red
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(Band 4/ Band 5) / (Band 8/ Band 6)

Density Slice image utilized to highlight high alteration values
(ENVI)

Density sliced image reclassified to highlight extreme values
(ArcMap)

Figure 3.3: Band ratio image enhancement process for alunite alteration
mineralization
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3.3.2 Principal Component Analysis Transformation
Principal Component Analysis (PCA) was the final image enhancement technique applied for
outlining the alteration patterns in the image. PCA is a statistical technique that creates a new
set of bands representing uncorrelated linear combinations of the original data. For the
purpose of this research, PCA was applied to the ASTER, VNIR and SWIR nine-band set.
The PCA method employed by Zhang, et al., (2007) and Khaleghi and Ranjbar (2011) was
utilized. Zhang, et al., (2007) applied PCA to band ratio images to create images containing
information about unique mineral assemblages. Khaleghi and Ranjbar (2011) highlighted
hydrothermal alteration zones related to porphyry copper deposits.
3.4 Lithological Classification
Multispectral image classification methods were applied to create a refined geological map of
Elida. Maximum likelihood supervised classification (MLC) was applied to Worldview-2 in
order to produce a lithological map.
3.4.1 Supervised Classification: Maximum Likelihood Classification
Supervised image classification is a remote sensing quantitative digital image processing
procedure used for the analysis of multispectral image data. It uses statistical algorithms to
label specific pixels in an image as the representative ground cover classes. The supervised
classification method used in this study is the maximum likelihood approach. Maximum
likelihood classification assumes that band data for each class is normally distributed and
calculates the probability that a specific pixel belongs to a relative class (Lillesand, et al.,
2014). Unless a probability threshold is selected, all pixels remain classified. Each pixel is
assigned to the class that has the highest probability (i.e., the maximum likelihood). If the
highest probability is smaller than a specified threshold, the pixel remains unclassified
(Richards, 1999).
MLC was applied to WorldView-2 data based on Zhang, (2007) and Massironi, et al.,
(2008). The first step in MLC was to create training sites representing the different classes of
land cover in the study area. Training areas were recognized based on alteration minerals
identified using image enhancement techniques and geological maps provided by Lundin
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Mining. The representative sample sites were selected within each lithological unit in
accordance with the geological map used as the basis for lithological boundaries. For
classification accuracy assessment, 640 ground control points were selected based on the
geological map provided by Lundin Mining. The accuracy of classification was quantified
using five indexes overall accuracy, commission error, omission error and kappa coefficient.
Overall accuracy is used to estimate the accuracy of all classes. Commission error highlights
image pixels that fall into a class, while belonging to another class in reality. Omission error
shows the percentage of pixels that belong to a class, but the software failed to include them
in the appropriate class. Kappa coefficient quantifies the difference between actual
agreements and the agreement occurring by chance within actual and maximum likelihood
classes.

41

3.5 Lineament Mapping
This section describes the two main methods used for lineament mapping. The first method
was based on reflectance data and the second method was based on terrain data (see Figure
3.4 and 3.5).
3.5.1 Manual Lineament Mapping from reflectance data
Lineament Mapping Re:lectance
Data

WV-2

FCC

Manually
Traced

Draped over
DEM

Manually
Traced
Figure 3.4: Flowchart of Lineament Mapping with Reflectance Data.

For manual lineament mapping, the WV-2 FCC (4,2,1) image was displayed on-screen using
ArcGIS. Lineaments were then digitally drawn on top of the FCC image based on manual
image interpretation. Next, the WV-2 FCC image was draped over a 30 m Digital Elevation
Model (DEM) from the Shuttle Radar Topography Mission (SRTM). Lineaments were
digitally traced on top of this image. Due to ASTER’s coarse spatial resolution, it was used at
the regional level. WV-2 data was used to derive more precise results at the local study site
level.
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3.5.2 Manual Lineament Mapping from Terrain Data

Figure 3.5: Flowchart of Lineament Mapping from Multi-Directional shaded relief images

Figure 3.6: Flowchart of Lineament Mapping from a combined Omni-Directional overlay image
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Figure 3.7: Flowchart of Lineament Mapping with Terrain Data using manual and automated methods

Shaded relief images were generated from DEM. The terrain shading effect is
controlled by two parameters: the solar azimuth (compass direction) and the solar angle (the
sun’s vertical angle over the horizon). The eight cardinal directions can be utilized (e.g. with
fixed 45° angle increments) to portray virtual shading of the terrain from different directions.
Generating multi-directional views portrays the relief of the land in different ways, and is
conducive to understanding the area's structural characteristics. Shaded relief images
highlight existing lineaments, making it easier to detect lineaments both manually and
automatically.
Shaded relief views vary and are dependent on illumination angles. Eight shaded
relief images were created in ENVI using the eight cardinal directions of N (0°), NE (45°), E
(90°), SE (135°), S (180°), SW (225°), W (270°) and NW (315°) angles, respectively.
Lineaments were traced on each cardinal direction shaded relief image using on-screen
digitizing in ArcMap. All eight lineament shaded relief overlays were combined and overlain
on top of the NE (45°) shaded relief image. The resulting composite lineament image was
digitally edited to reduce redundancy and clutter, and increase clarity. A total of eighteen
images were created to complete this task.
In addition, a novel omnidirectional shaded relief composite GIS model was
developed and applied. The approach consisted of assigning a weighted average of 12.5 to
each of the eight shaded relief images. The weighted images were then stacked together as a
single layer. This approach is used to minimize the effect of shadows.
To reduce human bias in addition to the manual methods, automatic lineament
mapping was utilized by incorporating the edge detection image processing technique. Edge
detection works through detecting discontinuities within the target image’s brightness
(MathWorks, 2016). It is used to find the boundaries of objects within the image, and can be
applied towards image segmentation and data extraction. There are multiple edge detection
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algorithms. These include; Sobel, Canny, Prewitt, Roberts, and Fuzzy logic methods. For the
purpose of this research, the Sobel Edge Detector was used in Matlab to render automatic
lineament. The Sobel detector is very sensitive to noise in pictures. The algorithm effectively
highlights the noise as edges. Therefore, Sobel allowed fast, objective and consistent data
processing.
3.6 Ground Referencing based on Mineral and Soil Sample Collection

3.6.1 Mineral Sample Collection
Ground referencing was carried out from July 15-21, 2015. The alteration minerals Alunite,
Carbonate, Kaolinite, and OH bearing minerals were sampled for accuracy assessment. The
sample points were randomly selected to minimize human bias. See Figure 3.8 for the
alteration minerals sample point locations.
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Figure 3.8: Sample location of alteration mineral

Two meters by two-meter quadrants were used for collecting each sample. A total of
twenty samples were collected in accordance to the Australian Laboratory Services (ALS)
method. ALS is a systemized and standardized international testing service that provides
analytical services for mineral, energy, and life sciences industries. Each sample was given a
unique ID code and collected in a clear plastic sample bag (See Figure 3.9A). The bags
weighed five kilograms or more. Once the sample bag was filled, an ALS sample slip was
placed inside the bag (See Figure 3.9B) and secured with a plastic tag as shown in Figure
3.9C. The samples were then transported to the base camp on donkeys. Once all the samples
were collected (See Figure 3.9D), the samples were shipped to the ALS lab in Lima for
geochemical testing.
A

B

C

D

Figure 3.9: A) Mineral sample collection bags. B) Mineral sample with ALS sample slip.
C) Mineral sample sealed bag. D) Mineral samples
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3.6.2 Soil Samples
Soil sample collection fieldwork was carried out by ALS staff in mid-July 2015. Favourable
weather conditions allowed for clear observation of the surrounding site. All soil samples
were collected using the ALS guidelines. The location of each soil sample was carefully
selected based on the landscape. Land markers were placed to indicate locations of soil
samples to be collected by certified ALS professionals, as shown in Figure 3.10A. Each soil
sample hole was dug to bedrock (approximately 1 meters) as shown in Figure 3.10B. Soil
samples were collected from each soil layer and then sent to the ALS certified lab in Lima
for geo-chemical testing especially for copper ppm.
Six soil samples were collected along the river basin next to the mine site. Figure 3.11
illustrates the location of the sample points. A first point was surveyed in proximity to the
proposed mine site (point 0 on the map) as a base reference. The second point was at the base
of the valley on the floodplain of the river. This point was expected to have the highest
mineral content (point 1 on the map). The location of the third point (point 2 on the map) was
right beside the active river channel. This point was selected to get an indication of the
composition in the active floodplain. A fourth point is located across the river (point 3 on the
map). The choice of this particular location is related to the fluvial nature of the river basin.
A fifth point (point 4 on the map) was taken on the same side as the fourth point, and it was
chosen because of the merging of the second adjacent river (Gorgon River) beyond the active
floodplain, where more active vegetation was present. A sixth point (point 5 on the map) was
taken further downstream to confirm whether other sediments were brought in from the
Gorgon River. Once all six points were collected, the sample bags were labeled, and an ALS
sample slip was placed inside the bag and secured with a plastic tag (shown in Figure
3.10C). Finally, the collected samples were transported to the base camp and shipped to the
ALS lab in Lima.
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A

B

C

Figure 3.10: Soil samples collected along the river bed. A) Land Marker to identify Soil Sample Location. B) Soil sample
hole. C) Sealed soil sample bags
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Figure 3.11: Location of soil samples
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3.7 Methods Summary
This chapter describes the various techniques that were applied to better understand the
copper porphyry using ASTER and WV-2 imagery. Band Ratio and False Colour
Composites were used for alteration mapping. Maximum Likelihood Classification was
utilized to create a lithological map. Principal Component Analysis was used for both
alteration and lithological mapping. Shaded Relief from eight cardinal directions, FCC,
manual tracing and SOBEL line detection image enhancement techniques were used for
lineament mapping. Results obtained are reported in Chapter 4.0.

51

4. Results and Interpretation
Remote sensing techniques were applied to ASTER and WorldView-2 data to map and better
understand the Elida copper porphyry. This chapter presents the results, accuracy assessment,
fieldwork and interpretive inferences for each technique utilized in this study. The first
section presents results for alteration mineral mapping, followed by lithological and mineral
distribution. The third section presents the results for lineament mapping and the final section
for ground referencing.
4.1 Alteration Mineral Mapping
This section presents the results of hydrothermal alteration mapping for Elida. To
successfully map the distribution of hydrothermal alteration minerals for copper exploration,
false colour composites, band ratios and principal component analysis transformation were
employed. The results are presented in the following section.
4.1.1 VNIR/SWIR False Colour Composites
The VNIR and SWIR false color image is useful for exploration of porphyry copper deposits.
The main alterations associated with porphyry copper are advanced argillic and phyllic
alterations, which can be clearly visualized and enhanced using FCC. FCC were created
using ASTER band 7,3,1 shown in Figure 4.1, 4/6, 2/1, 4/3 in Figure 4.2, bands 4,6,8 Figure
4.3, and (b5 + b7/b6), (b4 + b7/b6), (b7 + b9/b8) shown in Figure 4.4. The absorptions value
of alunite and kaolinite are 2.16 µm and 2.2 µm. These minerals are found in advanced
argillic alteration zone and generated by aluminum hydroxyl (Al-OH) bond (Rowan et al.,
2003; Pour and Hashim, 2014). Sericite has an absorption value of 2.2 µm and is normally
found in phyllic alteration zone (Rowan et al., 2003). Sericite is created by Al-OH as well.
The absorption values of chlorite, calcite and epidote are in the range of 2.31-2.33 µm.
Theses minerals exist in the propylitic alteration zone and are formed by Fe, magnesium
hydroxyl (Mg-OH) and the carbonic (CO3) (Pour and Hashim, 2014).
In FCC band combination of 7,3,1 (Massironi et al., 2008) Band 7 is used to highlight
hydroxyls (Al-OH) absorption, which is found in clay minerals. Band 3 and 1 highlight
vegetation and iron oxide absorption. Band 3 has a high reflectance in vegetation. Iron-oxide
minerals have absorption in both band 3 and band 1. The 7,3,1 false colour combination
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illustrates the extent of vegetation cover on the property, represented by a bright green
colour. Vegetation can be seen in the north-west (top left corner) part of the study area and
right below the Elida property along the river. There is no masking of vegetation required
due to minimal vegetation showing on the Elida property. The Casma volcaniclastics are
shown in a pale blue.
In ASTER 4/6, 2/1, 4/3 (Di Tommaso and Rubinstein, 2007, Yajima, 2014) FCC the
4/6 ratio is used to highlight Al-OH absorption of kaolinite and other clay minerals (Pour and
Hashim 2014). The 2/1 ratio corresponds to the absorption of iron ions and the 4/3 ratio to
absorption of Fe in mafic minerals. Due to the low ratios of 2/1 and 4/3 (green and blue
channel), vegetation cover is displayed as a strong red in the output image. Most of the
volcanic zone appears in green to cyan colour, indicating a strong presence of iron and
hydrothermal alteration around mineralized veins. The pale yellow colour is a combination of
2/1(green) and 4/6 (red) bands. In 4/6, 2/1, 4/3 FCC, kaolinization induced by hydrothermal
alteration is shown in pale yellow.
The ASTER SWIR bands 4, 6, and 8 (RGB) false colour image is helpful for
recognizing alteration minerals (Rowan et al., 2003; Pour and Hashim, 2014; Yajima, 2014).
SWIR false color image displays advanced argillic alteration and phyllic alteration in red to
pink, propylitic alteration is shown in light green and calcite units are presented in yellow.
Advanced argillic and phyllic alterations are shown in red to pink in Figure 4.3. Band 8 has
low reflectance, band 4 has a high reflectance and band 6 is absorption in advanced argillic
and phyllic alterations has absorption at band 8, no absorption at band 4 and band 6.
Additionally, the upper right corner of the map contains another anomaly that has the
potential to be revisited for future observations and exploration (personal communication,
Richard Osmond, 2013).
The FCC band ratio (b5 + b7/b6), (b4 + b7/b6), (b7 + b9/b8) RGB images have been
previously used in studies to define argillic, phyllic and propylitic mineral assemblages using
ASTER SWIR data (Rowan and Mars 2003). The FCC band ratio demonstrated good results
for alterations discrimination. Propylitic alteration appears in violet to blue, yellow to green
is composed of argillic alteration, and red to brown contains phyllic alteration.
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Figure 4.1: False Colour Composite RGB 7,3,1 hydroxyls are shown in pale bluewhite colour, vegetation is display in bright green.

Figure 4.2: False Colour Composites RGB (4/6, 2/1, 4/3). The kaolinization induced
by hydrothermal alteration is shown in pale yellow. Vegetation in bright red and
volcanic zone appears in green to cyan colour
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Figure 4.3: False Colour Composite RGB 4,6,8 advanced argillic alteration (alunite,
kaolinite) and phyllic alteration (sericite, smectite) are indicated in red to pink, propylitic
alteration (chlorite, epidote) is specified in pale green and calcareous units are
designated in yellow to green colour tone.

Figure 4.4: ASTER band ratio RGB (b5 + b7/b6, b4 +b7/b6, b7 + b9/b8): the propylitic
alteration is represented in violet to blue (1), the argillic alteration halo in yellow to
green, and phyllic alteration in red and brown.
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4.1.2 ASTER Alteration Minerals
Alteration mineral maps were created in ENVI. Band ratios, a key component of visual
analysis, are useful for qualitative detection of hydrothermal alteration minerals. Band
indices were used to create alteration mineral maps.
4.1.2.1 Alunite
Alunite corresponds to a hydrated form of aluminum potassium sulfate. It materializes in the
argillic and propylitic zones, along with quartz, chlorite, and kaolinite minerals (Anthony, et
al., 2003). Traces of alunite were found in the regional and the study areas. However, there is
a higher distribution of alunite in the northeast and the centre region of the possible copper
porphyry deposit. Additionally, there are pockets of alunite clusters along the ridges, and
majority of alunite distribution seems to be concentrated along fluvial channels, and near
riverbanks. The figure below (Figure 4.5) shows the distribution of alunite.

Figure 4.5: Distribution of auntie alteration

56

4.1.2.2 Carbonate
Carbonate minerals are varied and ubiquitous in chemically precipitated sedimentary rock.
The most common minerals are calcite or calcium carbonate (CaCO3). Carbonates are
normally found in the propylitic zone in a copper porphyry deposit. This suggests a different
temperature environment during its formation than other zones, such as argillic (Berger,
2008). There are small clusters of carbonate signatures scattered throughout the study area, in
particular the west centre of the study area and south of the river. This is demonstrated in
Figure 4.6 below.

Figure 4.6: Distribution of carbonate alteration
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4.1.2.3 Hydroxide (OH) Bearing Minerals
Hydroxide bearing minerals (OH group) are widely spread in an altered environment (Gupta,
2013). The distribution of hydroxide is found within three main clusters of the study area:
northeast, northwest, and centre (Figure 4.7). Small clusters of hydroxide are found on the
northeast side. They are unevenly distributed on the northwest side along the slopes of the
water channels. The most concentrated amounts are located in the center.

Figure 4.7: Distribution of OH bearing minerals
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4.1.2.4 Kaolinite
Kaolinite is a clay mineral primarily found in the argillic and advanced argillic zones. There
is an interrelation between kaolinite and hydroxide minerals due to similar distribution
patterns. Kaolinite is heavily distributed at the centre of the Elida property. As with
hydroxide minerals, there is a cluster of kaolinite found on the northwest side of the study
area (Figure 4.8).

Figure 4.8: Distribution of Kaolinite alteration mineral
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4.1.2.5 Overlay of all Band Ratios
The main advantage in compiling alteration mineral layers is to provide a comprehensive and
comparative picture of their different distributions (Figure 4.9). As previously shown
(Figures 4.5-4.8), each mineral contains spatially explicit characteristics concerning its
distribution. When overlaid, the different mineral layers generate a map of potential
alteration zones relating to porphyry copper deposits. Concurrently, there is a V-shaped
purple structure formed in the bottom half of Figure 4.9 outlined in white, that is best
described as a ‘horseshoe’. This ‘horseshoe’ illustrates the similar distribution of alteration
minerals and its composition consists mainly of OH minerals and kaolinite. Carbonate is
dominant around the edges of the horseshoes shape, while alunite is highly dispersed with a
few pockets and a cluster in the center of the Elida property.

Figure 4.9: Distribution of Alteration Minerals associate with copper porphyry deposit
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The overlaying of alteration image layers creates a hotspot in the centre of the image,
illustrated by a magnified image in Figure 4.10. The concentration of alteration minerals
indicates the potential location of a porphyry copper deposit. The overlay of alunite and
kaolinite suggest a probable boundary of the argillic zone. The output results for
hydrothermal alteration minerals using band ratio are consistent with the results determined
by geologists of Lundin Mining. The composites band ratio image highlighted areas of
similar alteration zone interest as depicted on the geological map provided by Lundin Mining
(created by E. Paricahua and reviewed by Geologiest M. Montoya) shown in Appendix A.

Figure 4.10: Magnified overlay of alteration minerals

4.1.3 Principal Component Analysis
A standard PCA transformation was performed in ENVI, with a calculation of the covariance
matrix of ASTER’s VNIR and SWIR bands. The output produced nine PCA images and
statistics containing the eigenvectors, the covariance matrix, and the eigenvalues. The
Eigenvectors matrix was used to generate principal component (PC) images in which the
spectral information of specific minerals was loaded. Since PCA was carried out using the
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correlation matrix, the Eigenvector entries served as loadings (correlations between input
band and output component) without further calculation required.
It was determined by the PCA transformation that approximately 99% of the total
scene variance has been encompassed in the first two Principal Component images. Further
analysis of the PCA outputs demonstrated that only the first four PCA bands contained useful
information. PCA transform results (listed in table 4.1) indicate that PCA 1-4 explain 99.98%
of variance within the scene and PCA 5-9 are considered as noise bands due to the low
variance. PCA bands can be used independently to detect specific features on the imagery
that have possibly gone unnoticed due to more dominant patterns. Nonetheless, low variance
bands are considered having no information and are identified as system noise (Lillesand and
Kiefer, 2000).
Table 4.1: PCA results for the VNIR/SWIR ASTER bands

PC Band

Eigenvalue

Percent

1

649.666

91.86%

2

48.963

98.78%

3

5.778

99.60%

4

2.742

99.98%

5

0.084

100%

6

0.010

100%

7

0.006

100%

8

0.004

100%

9

0.001

100%
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A directed PCA technique, as used by Khaleghi and Ranjbar (2011), was applied to
the study area and its vicinity. The directed PCA technique examines eigenvector loadings in
each PC image for determining which PCA image contains information related to the spectral
signatures of specific target minerals. Table 4.2 shows the eigenvector loadings for bands 4,
6 and 7. Phyllic alteration has an absorption in band 6, and reflections in bands 4 and 7,
PCA3 can show the areas with phyllic alteration (Figure 4.11).
Table 4.3 shows the eigenvector loadings for bands 4, 5 and 7. Argillic alteration has
an absorption in band 5, and reflections in bands 4 and 7, PC3 can show the areas with
argillic alteration (Figure 4.12). The comparison between figures 4.11 and 4.12 shows that
the areas of phyllic and argillic alterations are overlapping.
Table 4.4 shows the eigenvector loadings for bands 7, 8 and 9. As propylitic
alteration has an absorption in band 8, and reflections in bands 7 and 9, PC3 can show the
areas with propylitic alteration (Figure 4.13).

Figure 4.11: PCA enhancement of phyllic alteration zone
Table 4.2: The eigenvector loadings for bands 4, 6 and 7.

Bands

PCA 1

PCA 2

PCA 3

Band 4

0.94

0.25

0.23

Band 6

0.34

-0.67

-0.66

Band 7

0.11

-0.70

0.72

Eigen Value

14.666784

0.096581

0.008167
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Figure 4.12: PCA enhancing of argillic zone

Table 4.3: The eigenvector loadings for bands 4, 5 and 7

Bands

PCA 1

PCA 2

PCA 3

Band 4

0.94

0.24

0.23

Band 5

0.33

-0.70

-0.63

Band 7

-0.01

-0.67

0.74

Eigen Value

14.558150

0.105861

0.006581
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Figure 4.13: PCA enhancement of propylitic zone

Table 4.4: The eigenvector loadings for bands 7, 8 and 9

Bands

PCA 1

PCA 2

PCA 3

Band 7

-0.78

-0.55

-0.29

Band 8

-0.43

0.16

0.89

Band 9

-0.44

0.82

-0.36

Eigen Value

1.339614

0.009302

0.002135

Direct PCA results compared to the alteration zones boundaries outlined by Lundin
Mining show that directed PCA methods could enhance the altered areas. Due to the argillic
zone’s spectral similarities with the phyllic zone in terms of absorptions and reflection bands,
it is difficult to enhance. The similarities between the phyllic and argillic direct PCA images
can be caused due to surface weathering and formation of clay minerals on top of the phyllic
alteration zone.
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4.2 Lithological and Mineral Distribution
4.2.1 Maximum Likelihood Classification
There are three approaches to classify remotely sensed images: unsupervised, supervised, and
hybrid classification. Eight classes were selected through visual inspection of the study area
by conducting a field survey and based on the provided geological map. These classes
include: 1- iron oxide, 2- Quaternary clays and silts, 3- granodiorite, 4- Cretaceous siltstone
and shales, 5- Casma volcaniclastics standstone grey, 6- Casma volcaniclastics sandstone, 7Elida porphyry, and 8- alluvial/colluvial. Because maximum likelihood is a supervised
method, it requires the generation of training data. The accuracy of supervised classification
is strongly dependent on the selection of training sites. A significant number of training sites
were selected for each class based on the modified geological map of Elida (Figure 4.14).
The original map was provided by Lundin Mining and can be found in appendix A. A
maximum likelihood classification was performed on the WV-2 satellite image, and Figure
4.15 shows the resulting output image.

Figure 4.14: Modified geological map of Elida (Lundin Mining, 2013)
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Figure 4.15: Maximum likelihood classification results with geological boundaries from modified geological map.

For the classification accuracy assessment, 640 ground control points with ‘known’
geological type, based on the geological map, were selected. The accuracy assessment of the
‘known’ ground control points is displayed in a confusion matrix (Tables 4.5a and 4.5b). The
accuracy of classification was quantified using five indexes: accuracy of each class, overall
accuracy, user’s accuracy (commission error), producer’s accuracy (omission error), and
Kappa coefficient results displayed in table 4.6.
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Table 3.5a: MLC classification abbreviations

Classification

Abbreviation

Iron Oxide

Fe

Clays and Silts

C&S

Granodiorite

Grdt

Cretaceous Siltstone and Shales

CS&S

Casma Volcaniclastics Standstone Grey

CVSG

Casma Volcaniclastics Standstone

CVS

Elida Porphyry

EP

Alluvium /Colluvium

A/C

Table 4.5b: MLC Accuracy Assessment by Sample Breakdown

Classification Fe

C&S Grdt CS&S CVSG CVS

EP

A/C TOTAL

Fe

54

3

2

7

3

19

7

3

98

C&S

2

57

4

9

5

5

6

5

93

Grdt

0

2

51

6

3

9

5

12

88

CS&S

1

1

6

17

8

0

4

4

41

CVSG

1

1

0

7

28

1

4

2

44

CVS

5

4

3

2

2

22

2

1

41

EP

0

3

8

16

6

3

46

6

88

A/C

17

9

6

16

25

21

6

47

147

TOTAL

80

80

80

80

80

80

80

80

640
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Table 4.6: Table 4.6: Results from MLC Confusion Matrix.

Producer's
Accuracy

Users Accuracy

Accuracy

Iron Oxide

32.5%

44.9%

67.5%

Clays and Silts

28.75%

38.71%

71.25%

Granodiorite
Cretaceous Siltstone
and Shales
Casma Volcaniclastics
Standstone Grey
Casma Volcaniclastics
Standstone
Elida Porphyry

36.25%

42.05%

63.75%

78.75%

58.54%

21.25%

65%

39.02%

35%

72.5%

46.34%

27.5%

42.5%

47.73%

57.5%

Alluvium/Colluvium

41.25%

68.03%

58.75%

Classification

Overall Accuracy

50.31%

Kappa Coefficient

0.3879

A confusion matrix was created to carry out the accuracy assessment for MLC. Table
4.6 displays the accuracy results for each class. According to both users and producer’s
accuracy, clays and silts category have the highest accuracy, while cretaceous siltstone and
shales category have the lowest. Possessing a high user’s accuracy implies that the training
data has been selected more accurately for this class, while a high producer’s accuracy shows
the software to pick cells that fit better. Cretaceous siltstone and shales category had the
lowest producer’s accuracy, indicating the software may have picked pixels not belonging to
this category.
The overall accuracy produced for the eight lithological units was 50.31%. This
indicates that WV-2 imagery cannot spectrally separate the eight input classes using the
MLC. Additionally, based on the low kappa coefficient, it is highly likely that the overall
accuracy is significantly lower than 50.31%. MLC assumes a normal distribution for all
training samples. Variations in mineral components for the same rock unit can cause
interpretative issues. The aforementioned is aggravated as a result of external factors such as;
weathering, vegetation cover, regolith, alluvial deposits and desert varnish. For the purpose
of this research however, the low accuracy was excepted based on the application of WV-2
imagery rather than ASTER. As noted in the back ground section 2.2.1 and demonstrated in
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Table 2.1, WV-2 does not have SWIR bands, which are the primary bands responsible for
detecting rocks and minerals. WV-2 does not have the spectral bands capability for detecting
lithological and mineralogical characteristics that are found on the earth’s surface. However,
it should be noted that the reference map used for performing accuracy assessment is far
from 100% accurate. Therefore, the overall accuracy for lithological mapping using WV-2
data is most likely considerably comprised by the reliance on an imperfect reference.
4.3 Lineament Mapping
Lineament mapping was reformed at the spatial resolution of both ASTER and WV-2
imagery. DEM data was used to create shaded relief images at the ASTER spatial scale and a
3D model was created for the WV-2 scale. The latter enables the viewer to have an accurate
vision of the lineaments. This process relies on a combination of methods that give a highly
useful rendering of the spatial structure of the study area. Lineament mapping is useful for
identifying possible locations of faults. The presence of faults in an area is based on
displacement of rock units. Identifying the possible locations of the faults can be useful when
trying to understand the geological phenomena that might have taken place in any given area
(Abdullah et al, 2013).
4.3.1 Shaded Relief Mapping
Shaded relief images were generated to identify lineament features from DEM. The first step
produced shaded relief images, with light sources from all eight cardinal directions at
ASTER spatial resolution. The first shaded relief image had a solar azimuth (sun angle) of
0°, and a solar elevation of 45°. The images were produced with eight contrasting
illumination directions; 0°, 45°, 90°, 135°, 180°, 225°, 270° and 315° (Figure 4.16). The
second step combined all eight-shaded relief images by implementing a weighted average,
producing a single shaded relief image (an omni-directional shaded relief image) that
encompassed all eight sun directions.
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Figure 4.16: Eight shaded relief images derived from DEM with illumination directions (sun azimuth) 0°,
45°, 90°, 135°, 180°, 225°, 270°, and 315°.

4.3.1.1 Omni-Directional Shaded Relief
A solar elevation of 45° and sun azimuth of 0° is an adequate solar position for hill shading
from a geomorphological perspective. However, this portrays a partial portrayal as
lineaments vary, depending on the angle of reflection, land topography and the resolution of
imagery. Therefore, combining all eight cardinal directions can produce a more complete
image. Current research is missing such approach; consideration can lead to a better
understanding of the spatial distribution and provide a better image of a given area (Figure
4.17).
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Figure 4.17: ASTER Omni-directional shaded Relief.

4.3.2 Shaded Relief Edge Detection
The third step for lineament mapping was executed in Matlab through the application of
Edge detection using a SOBEL image filter algorithm. Figure 4.18a show out result and
Figure 4.18b magnified to study site. The omni-directional shaded relief image shown in
Figure 4.17 was the input image. The automated lineament extraction method is very
effective for the extraction of ridges, scarps, and drainage patterns. However, this method
does not discriminate between man-made and topographical features. Therefore, the initial
SOBEL map was used as a guideline to generate lineament from the shaded relief images.

A

B

Figure 4.18: SOBAL edge detection image enhancement. A) Elida and the surrounding areas B) Magnified to Elida
study area
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4.3.3 Lineament Tracings
The fourth step consisted of manually tracing lineaments onto all eight shaded relief images
shown in Figure 4.19. An overlay image of traced lineament from the eight cardinal
directions was created in the fifth step. Rather than conforming to a single angle, multiple
angles were used to allow an efficient and cohesive image of the lineaments. However, the
eight cardinal overlay image contains more signals and noise in comparison to its individual
contributing images as shown in Figure 4.20. Additionally, tracing of lineament was also
performed on omni-directional shaded relief image (SAW) illustrated in Figure 4.21.

Figure 4.19: Eight cardinal directions shaded relief
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Figure 4.20: Eight cardinal directions lineament overlay

Figure 4.21: Omni-directional shaded relief image with lineament tracing
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4.3.5 WorldView-2 Lineaments
Detailed depiction of lineaments is difficult to identify due to the low resolution of ASTER
imagery. Low resolution can potentially lead to invalid or misclassified lineaments.
WorldView-2 satellite imagery was used in order to minimize misclassification of
lineaments. High-resolution imagery is better at depicting the exact location of a lineament.
Lineaments were first traced on the WV-2 image (Figure 4.22) and then draped over terrain
in order to create a 3-D model.

Figure 4.22: Lineament tracing on WorldView 2 imagery
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4.3.6 3D Model
Finally, a 3D model was created to provide a clear overview of the entire Elida study site and
its characteristics. The study site is better represented as a 3D model than in an orthogonal
view. The 3D model enables the identification of lineaments from all angles as shown in
Figure 4.23).

Figure 4.23: 3D Model of Elida with lineament tracing in yellow

Most automatically extracted lineaments in mountainous regions are lines along
shadows cast by topographic relief. According to visual inspection, lineament maps revealed
three main lineaments identified as the fault zone. The first main lineament is a NNE and NS
fault system, the second major lineament is in a NW-SE direction and the third fault line is in
a NE-SW and E-W direction (see Figure 4.22). Based on field inspection, lineaments
follow similar patterns, heightened by using omni-directional lineament tracing map.
Lineaments highlighted using the shaded relief overly images outlined drainage patterns,
gullies and major structural features. However, the output of the overlay lineament map was
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denser with lineament features. Therefore, it was difficult to distinguish between structural
and topographic features when using the overlay lineament map.
4.4 Ground Referencing
Ground referencing was carried out for alteration minerals. In addition, fieldwork was
carried out for collecting soil sample along the riverbed. The results and their interpretation
are presented in the section below.
4.4.1 Alteration Mineral Samples
Ground referencing of alteration minerals was implemented for accuracy assessment. The
alteration minerals considered were: alunite, carbonate, kaolinite, and OH bearing minerals.
Kaolinite and OH bearing minerals showed the most significant results of surveyed alteration
minerals. Four out of six kaolinite and six out of six OH bearing minerals were successfully
identified. Traces of carbonate and alunite were not found in the selected sample point
locations. Table 4.7 shows the results of the mineral sample points. There was no proof of
carbonate and alunite found due to the scattered dispersion of minerals (shown in figure 4.5
and 4.6). The location of sample points was selected prior to going to the field. After
choosing sample points, it was determined that while certain points appeared accessible on
the computer screen, they were not accessible on field.
Alunite was dispersed throughout the study area, however a cluster of alunite was
found in the boundaries of the study area. The location was optimal for an alunite sample but
there was limited access to the cluster because of steep valley walls. The aforementioned
made it impossible to collect samples in that area. Furthermore, samples for carbonate were
either located on top of steep terrain or at the campsite location. Figure 4.24 shows the
extreme topography sample locations.
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Figure 4.24: Extremely steep topography

Although the OH bearing minerals were present in all 20 mineral samples, the percent
of OH was low. In contrary, kaolinite was present in 15 out of the 20 mineral samples and at
a high percentage. The spatial resolution of ASTER is not at a level required to effectively
identify carbonate, OH bearing minerals or alunite alteration minerals.
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Table 4.7: Geochemical results for alteration mineral sample

Sample
Name

Alunite
(%)

Kaolinite
(%)

AlOH

Alunite

5

0.0856

0.0293

Alunite

5

0.0778

0.0252

5

0.0843

Alunite

15

0.0519

0.0142

Alunite

10

0.0739

0.0138

Carbonate

20

0.0653

0.0166

Carbonate

10

0.0992

0.0015

Carbonate

0.1566

0.006

Carbonate

0.1342

0.043

Alunite

Carbonate
(%)

5

FeOH

0.0254

MgOHcb

0.0347

Correctly
Identified

0

0

Kaolinite

5

0.0729

Kaolinite

5

0.1019

0.0184

0.0253
0.0385

Kaolinite

10

0.1014

Kaolinite

30

0.0863

30

0.0663

25

0.1741

5

0.0976

OH

25

0.0812

0.0077

OH

25

0.0766

0.0091

0.2364

0.0777

5

0.1536

0.0411

15

20

Kaolinite

5

Kaolinite
OH

5

OH
OH

5

Total

1

5

0.0197

0.0244
0.0199

0.0153

4

0.0419
0.0627

0.0205

5

0.0325

20

5

9

4.4.2 Soil Samples
The purpose of collecting soil samples was to analyze the soil for a potential high level
abundant of copper near the riverbed. This analysis can be used as an indicator to determine
whether copper is escaping the study area and washed downstream. During the fieldwork, six
soil samples were collected. Lundin Mining collected an addition seven-soil sample points in
April of 2015. Copper parts per million (ppm) found in each of the soil sample is illustrated
in Table 4.8, Table 4.9 and figures 4.25 and 4.26. Figure 4.27 illustrates the location of all
thirteen-soil sample points. Points 0-3 were selected to detect all anomalies possible as a
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result of upstream deposits. The first soil sample (point 0) had high copper present (38 parts
per million (ppm)) compared to samples 2-5. The second sample had the highest copper (303
ppm). Soil sample points 2 to 5 contain the same amount of copper, 26.1 ppm, 27.2 ppm,
29.7 ppm and 27.8 ppm respectively. Sample point 0 has high copper (ppm) because it was
collected on the same side of the river and right before the main cliff face of the study
area. However, this location had a slight exposure due to debris falling from the exploration
site. Point 0 was necessary to collect from, in the event of an upstream deposit. Additionally,
it provided a clearer indication of the average levels of minerals and metals. The collection of
the first sample was a difficult and dangerous process because of high river levels and
avoiding any potential exposure to the dirt and debris falling from the exploration work
(drilling).
Sample points collected by Lundin mining follow a similar pattern to sample collect
during fieldwork. However, samples collected by Lundin Mining cover a greater distance
along the river. Soil sample point taking along the Pativilca river closer to the anomalies
have a higher copper concentration as seen in point 3LM and 5LM. Soil sample point 3 LM
is directly beneath the anomaly that is thought to be a copper/sliver deposit. Point 5LM was
collected underneath the Elida study site. Points 1LM and 2LM are collected from further up
stream. Point 1LM is collected where the Pativilca river intersects with another river and
point 2LM is sampled few meters downstream. Both sample points have a low presence of
copper (28 ppm).
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Table 4.8: Copper (ppm) found in soil sample

Soil Sample Number

Copper (ppm)

Point 0

38

Point 1

303

Point 2

26.1

Point 3

27.2

Point 4

29.7

Point 5

27.8

Figure 4.24: Copper (ppm) found in each soil sample collected during
field work.
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Table 4.9: Copper (ppm) found in soil samples completed by Lundin Mining

Soil Sample collected by Lundin
Mining

Copper (ppm)

Point 1

28

Point 2

28

Point 3

147

Point 4
Point 5

47
147

Point 6

39

Point 7

46

Figure 4.26: Copper (ppm) found in each soil sample collected by Lundin Mining.
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Figure 4.27: Location of the thirteen soil sample points

The presence of high copper levels was expected in the second sample location. Point
1 was influenced by the Elida creek directly under the study site and heavily exposed to
fallen debris and runoff. Soil samples 2 to 5 are the key samples indicating the movement of
copper and were collected along the river basin. The location selection of samples 2 to 5 was
contingent on high and low torrential regimen of water and mud. In addition, the locations
were dependent on the river bends and island locations. High levels of copper in the samples
would have suggested that copper is escaping the study site’s iron belt and being washed
downstream. However, deposits in rivers are only visible after several years of washing.
These deposits could be accumulated from a different site however, not a representation of
the bedrock. After analyzing the results, there are two possible outcomes for the movement
of copper: (i) most of the copper is still trapped in the Elida porphyry, (ii) the majority of the
copper was over time excavated, eroded and transported downstream by the river.

83

5. Environmental Impacts
The chapter is concerned with environmental impacts of the Elida copper porphyry discovery
and mine lifespan. The anthropogenic activities and natural processes impact the local
environment. Mining is best described as the extraction of valuable minerals or other
geological materials from the earth. The extraction of nonrenewable resources (e.g
petroleum, natural gas or water) would not be possible if mining was removed as a potential
tool. Mining is the primary industry of many developed and developing nations, and is
essential to their economic growth and potential. However, in spite of the economic benefits,
negative effects of mining on our natural environment are undeniable. Even with the
improved technology and methods presently used, mining contributes towards soil
degradation and contamination, toxic vegetation, groundwater (surface and subsurface)
pollution, loss of biodiversity, mine dump disposal and landscape defacement (Woldai,
2001). These impacts have severe implications towards our natural environment, and it is
therefore necessary to have effective environmental management and sustainable
development plans in place for mining to be less detrimental. The application of Remote
Sensing helps to constantly monitor and can serve to help minimize the environmental
impacts of the mining site and its surrounding areas.
Sustainability is best defined by the World Commission on Environment and
Development (1987), as “…development that meets the needs of the present without
compromising the ability of future generations to meet their own needs” (Glavič and
Lukman, 2007). Therefore, mining methods need to be more sustainable via the development
and integration of practices reducing the environmental impact of mining operations.
5.1 Remote sensing application for monitoring of mining
Satellite remote sensing is a type of technique that uses space-borne sensors allowing for data
to be collected in a systematic way while providing comprehensive coverage (Vorovencii,
2011). It possesses natural properties and allows for information about the scene to be
accessed at a great distance from the sensor. Satellite remote sensing, is acknowledged as a
useful environmental assessment and monitoring tool, particularly as satellite imagery is
becoming more common. Such use in environmental impact assessment is vital as it helps to
distinguish and better analyze the data for specific study areas. This technique is most
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valuable to obtain data on landscape topography, land use and land cover, quantification of
regional and global change contributing towards loss of habitat (Vorovencii, 2011).
To better determine and understand the environmental impacts caused by mining, a
systematic approach needs to be adapted through mapping, monitoring and controlling of the
impacts in order to address repercussions of hazardous events in a given study area (Woldai,
2001). These can be analyzed in depth through the application of Remote Sensing
technologies. Remote Sensing plays a vital role in providing geospatial information required
to monitor the earth's surface, and is the best tool currently available to provide a matching
spatial coverage. Contributions of satellite observations over land, oceans, and atmosphere
have therefore become an integral part of ensuring the highest levels of sustainable
development are achieved (Vorovencii, 2011). Remote sensing data today is essential for
providing information on alterations to surface water and land cover over time in mining
areas, and also ideal for environmental impact assessment because of its spectral range,
affordable costs and coverage of large areas (Charou, 2010).
5.2 Types of mining
Mining methods today are split into two basic techniques, open pit and underground mining.
Although each technique is different in its functionality, each comes with its own specific
risks and contributions towards environmental degradation.
5.2.1 Open pit mines
Open pit, or open cast mining is the most commonly used form of mining for minerals. As
suggested by its name, open pit mining is a method of extracting rocks or minerals from open
pits, in which the ore deposit extends deep in the ground to necessitate the removal of layers
of overburden and ore (ELAW, 2010). Although this method is economically efficient, it can
be detrimental towards the environment. Heavy machinery may be required to clear land of
vegetation, particularly in tropical zones. Other heavy equipment is used to break and
transport rock to waste dumps and ore to processing plants. Mining equipment creates dust
and exhaust emissions, waste piles can be aesthetic eyesores and tailings impoundment dams
can be breached. Mining activities impact the immediate environment and must be carefully
regulated and closely monitored, first to prevent accidental spills and secondly to ensure that
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effluent from the mine is in compliance with regulations. The use of heavy machinery is
promoted for logging of trees, clear-cutting and burning of vegetation, resulting in the
removal of overburden. Open-pit mining leads to the loss of natively vegetated areas and is
considered most dangerous in tropical forest environments, affecting widespread biodiversity
and land cover (ELAW, 2010).
5.2.2 Underground mines
When an given area's open-pit mines are exhausted or the desired mineral resources are
inaccessible from surface, the underground mining technique is applied. In contrast to openpit mining, minimal amounts of overburden are removed to gain access to the ore deposit to a
shaft or tunnel extending underground. It is widely considered as less damaging
environmentally, but requires significantly higher operation costs and presents more safety
risks and hazards, in comparison to open-pit mining. Possible environmental effects of
underground mining include surface subsidence, loss of biodiversity, soil contamination, air
contamination at ventilation exhausts and groundwater and surface water contamination
through chemicals discharged during mining processes, particularly ammonium nitrate.
5.3 Stages of Mining
There are four stages in the mining cycle; Exploration, Planning and Construction, Operation
and Closure. Each respective stage of the mining cycle is integral towards the overall success
of the project and poses its own unique implications towards the natural environment.
5.3.1 Mining Exploration
The first stage of the mining process is known to have limited, short-term and non-intrusive
impacts on the environment, in comparison with the other stages. Aircraft noise coming from
the initial exploration during airborne surveys can impact wildlife on a smaller scale.
However, environmental risks tend to increase and worsen as the exploration intensifies.
Diamond drilling has the highest risk of environmental effects in the exploration stage
(ECCC, 2015). According to Environment and Climate Change Canada (ECCC), activities
involved in this process may include the building of access roads, preparation of drill sites;
the transportation, storage and handling of fuel; establishment of campsites for drilling crews,
facilities to cope with drilling waste, and an infrastructure to manage and supply the camp
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(ECCC, 2015). These activities can lead to localized environmental implications towards the
land, water quality and supply, biodiversity and air quality.
5.3.2 Mine Planning and Construction
The planning stage is important from an environmental perspective because all
environmental assessments need to be completed along with the regulatory approval of
relevant permits for land use. If the target study area is located in a remote, undeveloped
area, the construction of infrastructure would cause land degradation to accommodate for the
equipment and personnel necessary for the continuation of the project (ELAW, 2010).
Potential environmental implications would include releases of particulate matter, carbon
monoxide, sulphur dioxide and volatile organic compounds into the atmosphere. Chemicals
or petroleum products could affect soil and vegetation, while potentially contaminating the
water quality and aquatic ecosystems.
5.3.3 Mine Operation
Ore extraction and processing happens in this stage. The main environmental implications in
this stage of the mining process are disposal of waste rock, the storage of mine tailings and
the release of mine water. Acid mine drainage is considered one of the most serious
environmental threats to water resources, with potential for catastrophic long-term impacts
on rivers, streams and aquatic life (Akcil and Koldas, 2006; ELAW, 2010). Acid mine
drainage occurs when rocks with sulfide minerals are exposed to water and air during
mining, forming sulfuric acid. This can then start dissolving harmful metals in surrounding
rocks, which can cause the acid mine drainage to runoff into streams, rivers and groundwater.
Additionally, this can have significant impacts on aquatic ecosystems and as well as land
biodiversity.
The processing of gold and silver is of importance to the environment in that a
common technique is to dissolve the metals in a sodium cyanide solution. The pregnant
solution of metal-bearing fluids is then treated to recover gold and silver. Modern systems
keep the cyanide solution in a closed circuit but small amounts of cyanide may be discharged
to the tailings facility and eventually to the environment. Heap leaching of low-grade ores
presents the same problem but the challenge is on a much larger scale than tank leaching
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inside a processing plant. Strict laws and compliance with regulations are necessary to
protect the environment from potential harm.
5.3.4 Mine Closure
The final stage in the mining process prioritizes returning the mining study area to the
condition resembling as close to the pre-mining condition as possible. The closure phase is
important as some environmental impacts of mining can persist even after mining operations
have ceased. Therefore, mine reclamation and closure plans must consist of guidelines on
ensuring public and wildlife safety, a self-sustaining site to prevent or minimize
environmental impacts and rehabilitate damaged areas for land use (ECCC, 2015). Funding
for mine closure, reclamation and monitoring is required by many jurisdictions to be set aside
during operational years to ensure that the public is not left with the problem and cost of
cleaning up a defunct mine site.
5.4 Potential Environmental Implications of Mining
Mining can have severe implications on the natural environment. It can significantly impact
the air we breathe, drinking water, harm wildlife and habitat, permanently damage natural
landscapes and also affect socio-economic conditions (Sengupta, 1993). Listed below are the
four environments (Physical, Biological, Socio-economic, Cultural) and their relative
components most impacted by mining.
5.5.1 Environmental Implications of Mining on Physical Environment
5.5.1.1 Atmosphere
Air quality is impacted due to airborne emissions during each stage of the mining cycle. The
largest sources that affect air quality are particulate matter carried by the wind as a result of
transportation of materials, wind erosion, waste dumps and exhaust emissions from mobile
sources such as; cars, trucks and heavy equipment (ELAW, 2010). Gaseous emissions are
also released into the atmosphere as a result of the combustion of fuels in mineral processing
and explosions, which can significantly impact surrounding ecosystems and human health.
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During the initial exploration stage at the Elida property, the atmospheric quality will
have little to no impact. Most of the work done during the initial exploration stage involved
geologists and field technicians to take mineral and rock samples. The initial sample
collection was done on foot and there was no requirement for heavy machinery or vehicles.
The Elida property is in a remote location situated away from population centres.
Therefore, the negative impacts generated from the activities do not affect human
populations. However, the planning and construction stage poses potential environmental
implications. Diamond drilling is a significant component of this stage. Heavy machinery
was used to make pathways (Figure 5.1) for the workers and to aid with different mine
exploration activities. These activities included moving drill rigs to hole locations,
transporting supplies to the drills and drill samples to the base and having easy access to the
campsite.
Air and water quality during the operation stage will be impacted and noise pollution
will increase, due to the expected scale of the mining operation and the activities of blasthole
drills, blasting operations, loaders, dozers, haulage trucks and utility vehicles. These
activities can have implications on air quality and as a result cause a degree of environmental
instability. In the final closure stage, dust will remain a prominent risk until adequate
plantation cover has been established. This could linger as an ongoing issue until the mining
site has been fully rehabilitated.

Figure 5.1: Heavy machinery used to make pathways.
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5.5.1.2 Soil and Landforms

Soil contamination is one of the biggest environmental problems associated with mining
projects. Improperly treated effluent waters could be discharged into streams and rivers,
affecting local flora and fauna, downstream agricultural activities and damage soils along the
river valley. Additionally, there could be widespread changes to the landscape and landforms
of the mining site. Forestry, fisheries, housing, recreation sites, and biodiversity are areas that
could be altered as a result of mining activities (Sengupta, 1993).
The Elida property is located on a lithic leptosol soil landform. Leptosol soil is
extremely shallow, gravelly and stony with high permeability. This soil type is normally
found in a mountainous region, carrying very low fertility and high susceptibility to erosion.
During the exploration stage, the soil structure and the landform will be affected due to
increase in traffic and human activities, such as leveling the ground for building pathways
and campsites. Soil can be affected by oil spills or chemical discharges if not handled
correctly. To ensure minimal alterations are done to land and soil, the current campsite uses
minimal or no permanent structures as shown in Figure 5.2. The facility is mostly built from
portable material to ensure a reduced ecological footprint remains after exploration activities
cease. Environmental impacts on soil during the operational stage are similar to those of the
exploration stage. However, there is a higher chance of oil spills due to the increase in the
number of vehicles and machinery operating on the site. During the closure stage, the soil
will be restored as close as possible to its natural state.
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Figure 5.2: Elida campsite build from portable material to minimize ecological footprint.

5.5.1.3 Water
Water is essential for all forms of life. The most significant impacts of a mining project are
widely considered to be on the water quality and availability of water resources within the
study area (ELAW, 2010). The hydrological cycle of the mining area can be disrupted from
mining activities. Water can be polluted as a result of soil erosion, oil and grease discharges,
contamination of water bodies due to discharge of chemicals, toxic wastes and acid mine
drainage (Sengupta, 1993). Due to the nature of the activities, it is often difficult to gauge the
effects a mining project might have on the quality of water, and whether the quality itself will
be adequate enough to sustain aquatic and terrestrial life.
The study area is located near the Pativilca River, which could potentially be
impacted by mining activities. During the exploration and operation stages of the project,
there will be a negative impact on the quality of surface water. Even though the drill-site is
located at a distance from the river, all locations are at higher elevations than the valley floor.
The quality of the water will be affected by runoff and other potential discharges or spills
occurring during the lifetime of the mine. Contamination of the river would cause significant
downstream impacts, including on the rather extensive agricultural areas 50 or so kilometers
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down river, where it widens and opens into the coastal plain. However, the river water is not
used by surrounding communities for drinking. After the closure stage, the river quality is
expected to rehabilitate back to its original state, provided the site is prevented from
discharging runoff waters carrying deleterious elements. Additionally, no groundwater
bodies were identified near the study area. However, precautions should be taken in the event
that groundwater is identified at a later stage.
5.5.2 Environmental Implications of Mining on the Biological Environment
Mining activities was a significant impact on the native flora and fauna of the region and is
considered to be amongst the greatest threats to biodiversity. Flora and fauna refers to plant
and animal life found in a single location. Mining can disrupt terrestrial, aquatic and
wetland’s habitats by deforestation for creation of access road, open pits, camp etc resulting
in biodiversity loss (Cristescu et al., 2013).
5.5.2.1 Flora
The study area is located in an arid environment with minimal vegetation. The vegetation
found in the study area is low growing plants and cactuses Figure 5.3A. During the
exploration and preparation stage, the low growing vegetation will be removed to level
ground for building appropriate infrastructure. There will be a negative impact on the
vegetation during the exploration stage. Because the majority of the infrastructure is built
during the exploration and preparation stage, there will be minimal alteration to vegetation
during the operational stage. Flora is expected to naturally recover during the closure stage.
In addition native vegetation was planted after the campsite was built shown in Figure 5.3B.
A

B

Figure 5.3: Vegetation found at Elida. A) Low growing plants and cactuses. B) Vegetation planted at Elida.
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5.5.2.2 Fauna
Wildlife will be affected during the exploration and operation stages. This includes
(but not limited to) condors, bats, foxes, rats, tarantulas (Figure 5.4) and snakes. Human
presence and noise will have a negative impact on the wildlife. This can cause a decrease in
the number of wildlife, while causing some terrestrial wildlife to migrate. However, this
displacement of species from their natural habitat can be temporary as the closure stage aims
to recover the land used, therefore making it accessible and habitable again for wildlife.

Figure 5.4: Fauna found in Elida

5.5.3 Socio-Economic Environment
There are significant benefits of mining projects on employment, income, infrastructure and
community development (Sengupta, 1993). However, mining projects can prove to be
stressful towards societies and their respective heritages and cultural values. A mining site in
a populated area can be disruptive towards the communities and potentially cause
displacement of native settlements. Economically, it is beneficial as it creates wealth, jobs,
roads, schools and increases the demand of goods and services (ELAW, 2010). However, the
benefits can be unevenly shared within communities, which could lead to social unrest and
violence.
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The initial exploration stage will have little to no effect on the heritage and cultural
values of the locals. During this stage, professional and skilled workers are needed. The
majority of the professionals required at the site will be non-local. Therefore, there will be
minimal interaction with the locals during this stage, making it a neutral impact. However,
during the advance exploration, planning and construction stages, there will be more
interaction with the locals resulting in greater socio-economic implications. Figure 5.5 is an
example of the closet village to elide. The employed locals will be required to follow the
rules and regulations, as well as the customs of the company (e.g. requirement to wear safety
gear, using hand sanitizers, etc.). This can be seen as a negative effect as it deviates from
what is normal or routine to the local population. Majority of the local population are
farmers. To protect the farmers local activates the farmer employs work in 30 days ration
system to keep their farm actives running all year along.
The exploration and operational stage of the project will require goods and services.
The increase in demand will directly have a positive impact on the local economy. Both
stages will create jobs and therefore, more locals can be trained and hired. During the closure
stage, there will be a reduction in employment, goods and services needed for the postmining activities.

Figure 5.5: A village near Elida.
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5.6 Environmental Impacts Summary
Mining can be both beneficial and detrimental towards our natural environment. It
will always be debated whether the economic and social benefits of mining exceed the
potential negative environmental and social consequences. However, with the research
conducted in this section, it can be concluded that the adverse effects of mining activities on
our natural resources and environment can be significantly reduced and/or eliminated via the
implementation and application of modern day technologies, efficient mining methodologies
and sustainable development plans. Remote sensing data have helped in mapping out the
landscapes impacted as a result of mining and have become a lead component in
Environmental Impact Assessments (EIA). This has led to improved technological
advancements in managing mining activities, while minimizing future risks associated with
those activities. Safer mining strategies and practices need to be continuously researched to
either prevent or reduce the risk of environmental degradation, loss of biodiversity,
contamination of natural resources, loss of air quality and displacement of communities.
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6. Discussion and Conclusions
6.1 Study area description related to the results
The study area encompasses an approximate area of four square kilometers. The topography
of the area is extremely rugged and mountainous which the river channels have incised. The
geology of the porphyry largely comprises of metamorphosed rocks, which are mainly of the
late Mesozoic to Cenozoic era. They primarily comprise of sedimentary siltstones, shales,
clays, silts and other various sedimentary rocks as well as the igneous rocks of dacite
porphyries and granodiorite as well as volcaniclastics. The average elevation of the area is
roughly 1600 meters and the lowest valley being at 1400 meters. The area consists of
multiple shear zones, which have been modifying the topography as well.
Local rivers and tributaries can easily be traced due to the presence of uneroded
river terraces. Alluvial fans can be easily seen in the area, which demarcate the presence of
fluvial erosion in the area. The shear zones have also been shaping the pattern of the river
channels. The primary river channel is offset in another direction due to the presence of a
fault zone. Based on the results from image processing and the geological maps provided by
Lundin mining, the study area is mainly divided into the three following zones unalterated
mineral zone, propylitic alteration zone and phyllic/argillic alteration zone. These zones are
discussed below.
6.1.1 Unalterated mineral zone
This zone is predominantly composed of minerals that have not been affected by any kind of
alteration or weathering. It encompasses the oldest rocks found in the study area. These
rocks are igneous and sedimentary in origin. The rock types include volcaniclastics,
siltstones, shales and granodiorites. This zone is demarcated as the area that surrounds the
propylitic zone.
6.1.2 Propylitic alteration zone
The amount of alteration and weathering in the propylitic zone is higher than the unaltered
zone. The river heavily incises the eastern side of this zone. There are a few traces of copper
found in the propylitic zone, which are mainly located along the river. The region around the
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river also consists of hematite, an iron mineral, which seems to have concentrated due to the
process of leaching of the sediments brought about from the uphill region to the northwest.
The propylitic zone is composed of the youngest rocks such as colluvial, alluvial, clay and
silt as well as the oldest rocks, which were also found in the unaltered zone. This zone is
demarcated as the area in between the unaltered and phyllic zone. Results from FCC image
enhancement shown in Figures 4.3 and 4.4 and the PCA results shown in Figure 4.13 outlines
the prophylitic alteration zone.
6.1.3 Phyllic/ Argillic alteration zone
This zone consists of a combination of high, medium and low alteration and weathering. All
of the major fault lines are bypassing this zone and converging at a point just northwest of
the river. There are probable inter-mineral dacite porphyries, siltstones, shales as well as
cretaceous volcaniclastics present in this zone capped by the Quaternary alluvial deposits.
The demarcation of this zone can be clearly seen in the center of the study area surrounded
by the propylitic zone. Results from FCC image enhancement (Figures 4.3 and 4.4) and PCA
(Figures 4.11 and 4.12) outline the phyllic/ argillic alteration zone.
6.2 Possible Scenarios
Three possible scenarios are presented in this section and are based on remote sensing
analysis, soil samples and the geological map provided by Lundin mining (Appendix A). The
scenario creation benefited from personal discussion with a geologist on site (Mario Lanca,
personal communication).
6.2.1 Scenarios One
Old structural basin capped by hematite belt:
This scenario considers the possibility of an old structural basin that was covered by dacitic
volcanics, which led to the concentration of copper sulfides in the area. The northwest river
channels eroded the Quaternary alluvial deposits, exposing the copper porphyries present
within the older Cretaceous and Paleocene sediments. These deposits were detected at the
convergence of two major faults, leading to the concentration of copper at the base of the
porphyry capped by the hematite belt. The presence of the hematite belt prevents the
transportation of copper and acts as a barrier, making it an important aspect to limiting the
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copper concentration to a single area. This suggests a horizontal movement of the copper.
Therefore, this scenario concludes that the extent of the copper deposits is limited to the
rocks exposed on the surface.
6.2.2 Scenarios Two
Copper porphyry deposits defined by alternating hydrothermal or sedimentation processes:
This scenario contemplates several alternate stages of sedimentation and hydrothermal
activity, as a result of a mineralization layer formation within the porphyry. The
hydrothermal stages, in the form of pulses of magmatic activity, inject the mineral fluids
within fractures such as faults, veins and veinlets. Subsequently, a brief period of
sedimentation is followed by another hydrothermal event. The result is the formation of
multiple igneous and sedimentary layers. Upon erosion or incision by the rivers, the faults
expose these mineral layers that are subject to erosion by the fluvial/aeolian process.
Sedimentation phases follow and do not involve any volcanic/hydrothermal activity.
Although the alternating sedimentation processes do not involve igneous intrusions,
there are stratigraphic layers more altered in the subsurface, rather than at the surface.
Therefore, there is a possibility of altered minerals being present in the subsurface. This can
be determined through the implementation of surficial/downhole geophysical exploration
techniques. Additionally, it is possible that the copper is distributed in various parts of the
porphyry, which can potentially lead to an increase in the exploration and production costs
for the mining company. In conclusion, the scenario states that the capping of the hematite
belt prevents the copper from leaching into the river and that copper moves horizontally,
rather than vertically.
6.2.3 Scenarios Three
Copper porphyry deposits within the catchment basin:
This scenario contemplates that the copper moved vertically within the system, while
leaching or escaping from the water table. It is possible that the copper has leached several
millions of years ago and there is no remaining evidence present on the surface. Copper
oxidation was present on a rock face several kilometers downstream from the study site,
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along the road, as shown in Figure 6.1. There is speculation whether the showing is of copper
that was leached from Elida and transported away from the porphyry.

Figure 6.1: Presence of copper oxidation in green hue. A) Copper oxidation
showing from the road B) Close up of copper oxidization (Pazner, 2013)

After conducting regional level alternation mapping and soil sampling along the
riverbed at the surface level, the results indicated there is no significant concentration of
copper long the riverbed. Additionally based on the satellite imagery sampling from the
outermost surrounding areas of the riverbed did not reveal a high amount of copper
concentration. One sample was an exception and was located directly under the (Point 1)
Elida property, indicating a high amount of copper is present near the riverbed or in the
subsurface (Please refer to tables and figures in section 4.4.2 of the results Chapter). Further
sampling is required in the area to demonstrate whether the river channel consists of high
grades of copper transported and deposited into the river. If the aforementioned is proven
true, primary channels in the area can be highly useful in indicating the presence of copper
concentrations in the subsurface. Furthermore, the channels can lead towards other deposits
of higher copper concentrations within the surrounding areas. This can prove to be
economically beneficial and can be further analyzed by conducting downhole drilling in the
study area.
6.3 Conclusions
Remote sensing provides an opportunity to improve initial steps of ore deposit
exploration when mapping surface mineralogy (Pour & Hashim, 2011). This research utilized
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RS existing geospatial secondary data provided by Lundin Mining Corporation and primary
data collected in the field in order to contribute to the understanding of whether copper from
an earlier enrichment event has been transported vertically or laterally.
ASTER and WorldView-2 data was utilized, along with ground referencing. This
approach was used to conduct lithological, alteration, and lineament mapping of exposed
surfaces in the immediate area of the deposit at a fine property-level scale, and of a broader
adjacent area at a more coarse landscape-level scale. Lithological mapping was done at the
deposit and landscape study scales. Phyllic, argillic and propylitic alteration were mapped at
the landscape scale. Lineaments were mapped at the deposit and outcrop level. The study area
is relatively small 2km2 and therefore high-spatial resolution remote sensing data was
required to highlight key structural features.
Multiple remote sensing techniques were utilized with combination of fieldwork to
better understand Elida copper porphyry. FCC, band ratio and PCA image enhancement were
used for alteration mineral mapping. Results from FCC image enhancement and PCA
assessment successfully highlighted the prophylitic and phyllic/ argillic alteration zones.
Band ratio was used to highlight alunite, carbonate, kaolinite and OH bearing alteration
minerals. Based on the results from ground referencing, band ratio output was successful in
identifying kaolinite and OH minerals. However, alunite and carbonate were not detected in
the mineral sample. MLC was applied to WV-2 to create a lithological map of Elida. The
accuracy of MLC output was low, and stood at 50.31% overall accuracy and kappa
coefficient of 0.39. Low accuracy can be due to the lack of high-resolution SWIR bands in
WV-2, as well as due to errors in the geologic reference map used to guide the supervised
classification. Lineament mapping was done for reflectance and terrain data. An original
omnidirectional shaded relief composite GIS model was developed to better identify
lineament features. Lineament mapping done using omnidirectional shaded relief composite
was successful in identifying possible faults.
6.3.1 Limitations of the Study
In the past decade remote sensing has been able to provide valuable information related to
mineral exploration. However, the lack of SWIR band commercially available in high
resolution and the depth aspect of remote sensing imagery seem to be the major limitations of
this approach. Geological remote sensing has a depth penetration of only the uppermost
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micrometers in NIR (5-10 micrometers) and a few centimeters in the TIR (Amos and
Greenbaum 1989; Rajesh, 2004). It is difficult to delineate ore minerals or their pathfinders
solely based on multispectral remote sensing data. Therefore, it is necessary to integrate
external data such as general geologic setting, alteration zones, associated rocks, structure,
lineaments, oxidation products, morphology, drainage, and vegetation anomalies to better
assess the likelihood of ore deposit accumulation (Rajesh, 2004).
6.4 Closing Comments
In recent years, remote sensing technologies have provided incrementally important tools for
the identification and analysis of a wide variety of geological, topographical and
geomorphological phenomena. With the development of digital mapping and more capable
sensors, geological mapping in remote regions has gained the capability to study the ground
in previously inaccessible or cumbersome areas. The use of Remote Sensing in Earth
sciences is nothing new, having started decades ago with the applications of aerial
photography, and up to the present availability of multi-temporal and high quality satellite
imagery. The advances of information technologies, particularly computational aspects
linked with the identification of geographical phenomena, has led to the ability of making
high resolution imagery readily available through digital repositories. Furthermore, the
increment of computational power is leading to novel ways of capturing, analyzing and
manipulating spatial and remotely sensed imagery, allowing for higher resolution imagery as
well as a more complete coverage of previously inaccessible regions throughout the world.
Lack of commercially available high-resolution SWIR bands was a major impediment
to preforming detailed geological mapping using remote sensing data. Not having access to
high-resolution SWIR bands made it impossible to create detailed geological mapping at the
study area scale. Due to the small size of the study area having the appropriate data resolution
was essential. However, a year after the start of this research DigitalGlobe Inc launched the
WorldView-3 satellite, which has the spatial resolution needed to perform detailed geological
mapping at the desired scale for this research.
Satellite sourced spectral data is useful for the creation of images for analyzing the
surface and composition of the Earth. In the application of such data and imagery towards
101

the exploration of valuable minerals, images can be superimposed in two- and threedimensions on topographical and geologic features. The images assist geologists with the
identification of large-scale mineralizing systems in rocks and help with the understanding of
the migration of minerals over time both within the rocks and on the surface. This research
project has demonstrated both the value and the limitations of remote sensing as applied to
the exploration of minerals.
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Appendix A
Geological map of Elida
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Appendix B
WorldView-3
WorldView-3 (WV-3) is the first super-spectral, high-resolution commercially available
satellite. DigitalGlobe Inc. launched the WV-3 satellite in August 2014. WV-3 operates at an
altitude of 617 km, collecting up to 680,000 square kilometers of imagery per day, that is
roughly less than a day average revisit time. The satellite imagery provided by WV-3
consists of one 0.31 m panchromatic resolution band, eight multispectral bands at 1.24 m
resolution, eight SWIR bands at 3.7 m resolution and twelve CAVIS (Clouds, Aerosols,
Vapors, Ice, & Snow) bands at 30 m resolution. The CAVIS bands measure and monitor
atmospheric conditions and are capable of providing atmospherically correct images by
identifying objects through haze, soot, dust or other obscurants. Table i and Figure i show the
specifications for WorldView-3.

Figure I : WorldView 3 Sensor Bands and Spatial Resolution (Digital Globe, 2016)
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Table I: WorldView 3 Sensor Bands and Spatial Resolution (Digital Globe, 2016)

Sensor Bands

Band No.

Spectral Range nm

Coastal

1

400 - 450 nm

Blue

2

450 - 510 nm

Green

3

510 - 580 nm

Yellow

4

585 - 625 nm

Red

5

630 - 690 nm

Red Edge

6

705 - 745 nm

Near—IR1

7

770 - 895 nm

Near-IR2

8

860 - 1040 nm

SWIR – 1

9

1195 - 1225 nm

SWIR – 2

10

1550 - 1590 nm

SWIR – 3

11

1640 - 1680 nm

SWIR – 4

12

1710 - 1750 nm

SWIR – 5

13

2145 - 2185 nm

SWIR – 6

14

2185 - 2225 nm

SWIR – 7

15

2235 - 2285 nm

SWIR – 8

16

2295 - 2365 nm

Desert Clouds

17

405 - 420 nm

Aerosol- 1

18

459 - 509 nm

Green

19

525 - 585 nm

Aerosol- 2

20

620 - 670 nm

Water- 1

21

845 - 885 nm

Water- 2

22

897 - 927 nm

Water- 3

23

930 - 965 nm

NDVI- SWIR

24

1220 - 1252 nm

Cirrus

25

1350 - 1410 nm

Snow

26

1620 - 1680 nm

Aerosol- 3

27

2105 - 2245

Panchromatic

28

450 - 800 nm

Spatial Resolution,
m

1.24 m

3.70 m

30.00 m

0.31 m
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